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ABSTRACT
In 2019, South Carolina ranked fourth in the nation in pedestrian fatalities per 100,000
population. There has been a 68% increase in total pedestrian crashes in SC from 2011 to 2018.
Walking might be a choice for some individuals; however, it is mandatory for some users due to
the unavailability of personal automobiles or physical disability. Thus, pedestrian crashes and
resulting deaths and injuries can disproportionately affect these population segments. Nationwide
pedestrian crash statistics reveal American Indian or Alaskan Native and African American
populations are overburdened with pedestrian crashes. This research aims to help mitigate this
overburden of pedestrian crashes from the socio-economically disadvantaged population of
South Carolina.
This research initially conducts pedestrian crash analysis to determine the most prevalent
pedestrian crash types (midblock pedestrian crashes irrespective of time and midblock crashes at
night), analyzing walking and crossing crashes and shed light on the primary contributing factors
for these types of crashes.
Following the crash analysis, this research investigates the socio-economic characteristics
of the pedestrians involved in crashes by geo-coding their home locations. This analysis helps to
understand that 50% of collisions occur when pedestrians are close to their home locations. This
study also reveals how poverty, unavailability of personal automobiles, fewer education
attainments, and living in crowded quarters are critical characteristics of the population
disproportionately involved in pedestrian crashes.
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Finally, a case-control study was conducted to study the characteristics of the case (crash)
and control (non-crash) sites. Land use, roadway characteristics, socioeconomic and sprawl of
the case-control were studied. This research wraps up with the identification of the key
contributing factors associated with classification cases and control sites.
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CHAPTER ONE
1. INTRODUCTION
1.1 Background

In the most recent 10-year reporting period, pedestrian fatalities in the US have increased
46% from 2010 to 2019, and there has been a 68% increase in total pedestrian crashes in SC
from 2011 to 2018 (GHSA, 2020; NHTSA, 2019). Walking might be a choice for some
individuals; however, it is mandatory for some users due to the unavailability of personal
automobiles or physical disability. Thus, pedestrian crashes and resulting deaths and injuries can
disproportionately affect these population segments. Nationwide pedestrian crash statistics reveal
American Indian or Alaskan Native and African American populations are overburdened with
pedestrian crashes (Smart Growth America, 2021). This research aims to help mitigate this
overburden of pedestrian crashes from the socio-economically disadvantaged population of
South Carolina. To achieve this dissertation's goal, the author has divided it into three major
parts. In order to achieve the goal of this research, the following three objectives were
formulated:
•

Articulate pedestrian behaviors and significant infrastructure factors using qualitative and
Machine Learning Techniques for pedestrian crashes occurring at midblock locations,

•

Describe the pedestrian involved in crashes through residential locations, socio-economic
factors and residential location proximity to the crash sites, and the socio-demographic
characteristics of the neighborhood in which they reside

•

Assess the Impact of Social Vulnerability, Sprawl, and Land-Use Development on
Pedestrian Crashes in South Carolina: A Case-Control Study

Part one of the dissertation provides a detailed characterization of pedestrian crashes to
understand these crashes' qualitative and quantitative aspects. The pedestrian crash analysis
follows two separate but related approaches, including a manual qualitative study of two years of
fatal pedestrian crash reports from SCDPS. A more significant, five-year analysis uses an
automated quantitative program stemming from qualitative research. The author conducted a
detailed analysis of four primary pedestrian movements resulting in crashes in this project.
Following the crash characterization, authors developed machine learning models to classify
waking and crossing crashes and identify the key factors essential for these types of crashes. The
author used Decision Tree (DT), Random Forest (RF), and K- nearest neighbor (KNN) and
identified the contributing factors associated with these crashes. The key findings from the study
are: that more than 50% of pedestrian crashes happened at night, 40% during the day, and 5% at
twilight. Among the nighttime pedestrian crashes, more than 80% occurred at midblock
locations, and for the daytime pedestrian crashes, 65% of the crashes happened at midblock.
Analysis conducted on the nighttime fatal mid-block crashes shows that pedestrians walking
along the road (42%) have the highest chance of being hit by vehicles. The second most
susceptible maneuver is when pedestrians cross the road approaching from the driver's left
(26.4%). Among the three machine learning techniques (Random forest, Decision tree, and
KNN) used in this research for classifying walking and crossing crashes, Random forest
performed the best. Models developed at night using crash and RIMS variables best for all three
types of machine learning techniques (RF AUC:0.7799, DT AUC: 0.6992, KNN AUC: 0.7445).
Finally, the critical features for classifying walking and crossing crashes are total surface width,
right outside curb, sidewalk treatment, etc.
2

In part two of this dissertation, The author analyzed the socioeconomic factors
surrounding pedestrians involved in fatal and injury crashes at night to discern if there is a
disparity among individuals involved in these crashes. The home location of the pedestrian
involved in crashes was geo-coded. Data from the census database, social vulnerability, and
sprawl index were utilized to study the socio-demographics of the pedestrians involved in the
crashes. Part two of this dissertation was focused on the nighttime fatal and injury pedestrian
crashes because of an overabundance of night-time crashes. The key findings from this study are:
out of the total fatal pedestrian crashes, 87% happened at night, and out of all the injury
pedestrian crashes, 56% happened at night. 50% of the pedestrian who is either killed or severely
injured in crashes are within 0.5 miles of their home, and around 85% of the pedestrians are
killed or injured when they are within 10 miles of their homes. The number of pedestrians
involved in fatal and injury pedestrian crashes is significantly lower when their home is 25 or
more miles away from their home. Crashes occurring within a very short distance (< 0.5 miles)
of one’s home show tendencies to be a lower income level, have the highest percentage of the
population in poverty, and have the highest rate with only a high school diploma. Crashes
occurring 0.5 miles and 5 miles from the home location show that these are the locations with the
highest percentage (15.9%) of the population with disability estimate. These people living close
to the crash location also live in a congested quarter compared to the pedestrians living away
from crash locations. And for South Carolina, the distributions of fatalities and injuries are
disproportionately represented depending on the different income groups.
Finally, in the third paper of this dissertation presented the attributes of the case (crash)
and control (non-crash) sites and saw if there are any differences between them in terms of
3

pedestrian safety. South Carolina is fourth in the nation for pedestrian fatalities, which shows the
vulnerability of pedestrians to roadway crashes. The author intended to compare the crash sites
with non-crash sites. The author used data from various sources for the analysis, including
Roadway Inventory Management Systems (RIMS), business data, Social Vulnerability Index
(SVI) data, and Sprawl index data.
Using three different machine learning algorithms, the author developed crash non-crash
classification models for urban and rural locations. Of all the urban classification models, the
model developed with a combination of training features (RIMS, business, SVI, and sprawl)
yielded the highest AUC score (0.855) compared to other models developed with only each set
of features individually. The machine learning algorithm that performed the best among the three
is random forest.
The model developed with business data yielded the best AUC score (0.586) using the
decision tree algorithm for the rural models. The performance of rural models compared to urban
models was not satisfactory. Whereas the urban crash sites have shown clusters in urban areas,
the rural crash points were random and spread throughout the state.
One of the key findings from this research is to see the important features when the crash
non-crash classification models are developed with a combination of different training features.
For the urban models, both machine learning algorithms identified the SVI and sprawl features
as the key features, including the percentage of occupied housing units with more people than the
rooms estimated, unemployment rate estimate, percentile ranking for the socio-economic theme,
percentile ranking for housing type/transportation theme, percentage of persons with no high
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school diploma, and sprawl index. The same pattern is noticed for the rural models when the
crash non-crash classification models. The SVI features were the first to be identified for the
combination of the features.
The findings from this research will help civil engineers identify the locations in South
Carolina that can be considered a top priority to reduce pedestrian crashes and reduce the
disparity of the crashes on a specific group of vulnerable populations.

1.2 Dissertation Organizations

This dissertation has five chapters. The first chapter provides an overview of the research
problem and objectives and an overall description of this research. Chapter 2 discusses pedestrian
crash characteristics and the key contributing factors associated with classifying walking and
crossing crashes. Chapter 3 presents the socio-demographics of the pedestrians involved in crashes
and the key attributes of the pedestrians who live close to crash locations. Chapter 4 demonstrates
a case-control classification model using machine learning algorithms and discusses the features
distinguishing the case (crash) sites from the control (non-crash) sites. Chapter 5 concludes the
dissertation, discusses the significant findings, and discusses ways to develop an equitable
roadway network for South Carolina.
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CHAPTER TWO
2. MEASURING PEDESTRIAN VULNERABILITY IN CONTEXT: PATTERNS OF
PEDESTRIAN MANEUVERS AND ROAD DESIGN

2.1 Abstract

In the most recent 5-year reporting period (2014-2018), NHTSA reports that pedestrian
fatalities in the U.S. have increased by 28%. This paper provides a detailed characterization of
pedestrian crashes to understand the qualitative and quantitative aspects of these crashes. The
pedestrian crash analysis follows two separate but related approaches, including a manual
qualitative study of two years of fatal pedestrian crash reports from the South Carolina
Department of Public Safety (SCDPS) and a more significant, five-year analysis using an
automated quantitative program stemming from the qualitative research. Researchers conducted
a detailed analysis of four primary pedestrian movements resulting in crashes in this project.
Following the crash characterization, the author developed machine learning models to classify
walking and crossing crashes and identify the key factors important for these crashes. The author
used Decision Tree (DT), Random Forest (RF), and K- nearest neighbor (KNN) and identified
the contributing factors associated with these crashes. The key findings from the study are:
•

More than 50% of pedestrian crashes happened at night, 40% during the day, and 5% at
twilight.

•

Among the nighttime pedestrian crashes, more than 80% occurred at midblock locations,
and for the daytime pedestrian crashes, 65% of the crashes happened at midblock.

•

Analysis conducted on the nighttime fatal mid-block crashes shows that pedestrians
walking along the road (42%) are the most susceptible to being hit by vehicles. The
second most crucial maneuver is when pedestrians cross the road approaching from the
driver's left (26.4%).

•

The second most susceptible pedestrian maneuver is crossing the street and approaching
from the driver's left. Crossing crashes (from left and right) occurred most frequently on
multilane facilities that lack pedestrian refuge spaces.

•

Among the three machine learning techniques (Random forest, Decision tree, and KNN)
used in this research for classifying walking and crossing crashes, Random forest
performed the best.

•

Models were developed with different training features using only Roadway Inventory
Management System (RIMS variables) or RIMS and crash variables with only midblock
pedestrian crashes and midblock pedestrian crashes at night.

•

Models developed for midblock nighttime pedestrian crashes using both crashes, and
RIMS variables performed best for all three types of machine learning techniques (RF
AUC:0.7799, DT AUC: 0.6992, KNN AUC: 0.7445)

•

Key features for classifying walking and crossing crashes are total surface width,
presence of right outside curb, presence of sidewalk treatment, etc. All these features
indicate that a roadway without having the infrastructure for pedestrian safety is
detrimental to pedestrians and will lead to a crash.
This paper is the first in a series of three describing the measurement of pedestrian

vulnerability in context. It focuses on the patterns of pedestrian movement and the development
8

of roadway infrastructure. Follow-on papers cover social and infrastructure vulnerability.
Building on research by Cutter [1996], these findings provide the first component pieces for
developing a composite index to express the contextual vulnerability of places for pedestrians.
Keywords: pedestrian, crossing, walking, mid-block, nighttime, machine learning, Random
Forest, Decision Tree, K nearest neighbor.
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2.2 Introduction

Despite the many advances in vehicle safety technologies, enhanced driver alert systems,
and the promise of connected and autonomous vehicles (CAVs), there is still much work to
improve road safety for vulnerable pedestrian road users. This is due, in part, to the fact that
pedestrian movements are not deterministic; instead, their timing and trajectory are challenging
to predict. In some situations, pedestrians may decide to enter the road after failing to detect an
oncoming vehicle or misjudging the vehicle's approach speed or distance – either way, the
physics related to detection, decision, and response time may not be adequate. Pedestrian crashes
may also occur due to driver detection errors, such as failing to identify stimuli when adequate
lighting is not available or basing visual search patterns on expected behavior patterns (e.g.,
pedestrians on the right side of the road). Either way, pedestrian and vehicle interactions can
create untenable problems for control and response.
In the most recent 5-year reporting period (2014-2018), pedestrian fatalities in the U.S.
have increased by 28% (Reish, 2018). In 2018, 6,283 pedestrians died, and nearly 75,000
pedestrians sustained injuries in motor vehicle crashes (Reish, 2018). The breakdown of national
pedestrian fatalities by land use, location, and lighting indicates that 80% occurred in urban
areas; 73% occurred at midblock locations; and 75% in dark conditions (Reish, 2018). These are
complex and challenging contexts for human drivers and CAVs alike. In 2019, South Carolina
ranked 4th in the nation in pedestrian fatalities per 100,000 population; the 2017 statistics show
one pedestrian killed in a motor vehicle crash every 2.2 days (SCDPS, 2018) . The trend of
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pedestrian fatalities in South Carolina has been on the rise over the last decade, increasing from
10% of total deaths in 2013 to 15% in 2016 (NHTSA, 2019; Safety & Section, 2013, 2016).
Regardless of the risk faced by pedestrians, especially in areas with limited pedestrian
infrastructure, some individuals must walk because they have no choice. The pedestrian mode
may be dictated due to factors such as vehicle availability, transit availability, and disability
status. Household income and land-use development are also factors associated with pedestrian
captivity. This paper is the first in a series of three describing the measurement of pedestrian
vulnerability in context, focusing on the patterns of pedestrian movement and the development of
roadway infrastructure. Building on research by Cutter [1996], the articles to follow will discuss
social and infrastructure vulnerability and the development of a composite index to express the
contextual vulnerability of places for pedestrians (Cutter, 1996).
This paper provides a detailed characterization of pedestrian crashes by the specific pedestrian
movement to gain a complete understanding of interactions between pedestrians and aspects of
their walking environment. Factors of interest for all severity levels of pedestrian crashes
included: patterns of pedestrian walking maneuver type, time of day, geographic distribution,
infrastructure classification, roadway design characteristics, behavioral factors associated with
decisions to cross, and urbanization factors. A descriptive analysis was done on pedestrian
characterization in the first section of the paper, followed by the development of machine
learning models to classify waking and crossing crashes and identify the key factors essential for
these types of crashes. The author used Decision Tree (DT), Random Forest (RF), and K- nearest
neighbor (KNN). Previous research shows the applicability of these models for a wide variety of

11

applications, including crash severity classification modeling; therefore, the author chose these
three models.
Authors compared the performance of the models based on different measures such as
accuracy, precision, sensitivity, F1 test, receiver operating curve (ROC), and area under the ROC
curve (AUC) scores to identify the model performing best in classifying walking and crossing
crashes at the midblock location for happening either night or any time of the day and using
variables including only roadway characteristics features or both crash characteristics and
roadway features. For the analysis of this paper, the author utilized crash data from the year
2011-2018 for crash trend analysis and the years 2014-2018 for conducting detailed crash
statistics and developing machine learning models. All the data was collected from the South
Carolina Department of Transportation (SCDOT).
All pedestrians should be able to use roadway facilities safely and without going
significant distances out of their way. Therefore, it is the responsibility of the roadway planners,
designers, and engineers to consider pedestrians as critical system users and plan, design, and
install safe crossing/walking facilities or provide engineering modifications to the built
environment. This analysis will inform the operational and infrastructural components of
pedestrian vulnerability in context. Such knowledge will help prioritize pedestrian safety
improvements and develop more effective communications and alert systems for drivers and
pedestrians.

12

2.3 Literature Review

This literature review showcases several critical components for measuring pedestrian
vulnerability in context and application of machine learning techniques for crash analysis,
focusing on the patterns of pedestrian movement and the development of roadway infrastructure.
These include:
•

Pedestrian visibility and vehicle lighting,

•

Classification systems for pedestrian maneuvers,

•

Pedestrian crossing behavior and decision-making,

•

Several critical infrastructures factors, and

•

Application of machine learning techniques for crash analysis.
Eluru et al. (2008) conducted a synthesis of previous research. They classified the factors

associated with pedestrian crashes into six classes: (1) pedestrian characteristics (e.g., age,
gender, state of soberness), (2) motorized vehicle driver characteristics (e.g., state of soberness,
age), (3) motorized vehicle characteristics (e.g., vehicle type, speed), (4) roadway characteristics
(e.g., speed limit, road system) (5) environmental factors (e.g., time, weather conditions, light
condition), and (6) crash characteristics (e.g., pedestrian/vehicle motion before the crash) (Eluru
et al., 2008). Among these different characteristics, the light condition was critical. Analysis of
fatal crashes in the U.S. revealed that 72% of the pedestrian fatalities occurred in dark
conditions.
Several studies support the fact that pedestrian crashes are more sensitive to lighting
conditions(Owens & Sivak, 1996; Siddiqui et al., 2006; Sullivan & Flannagan, 2002; Tyrrell et
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al., 2016) . The detection range of a driver at nighttime varies based on the location of the
pedestrian, whether the roadway is illuminated, the color of the pedestrian clothing, and the
presence of opposite direction vehicles (Kurt Ising, 2008). Previous research has also suggested
when ped’s extremities are highlighted then conspicuity is increased dramatically because it
highlights the pedestrians biological motion (Tyrrell et al., 2016). This line of research dates
back to the 1960s when Hazlet determined that typically clothed pedestrians are difficult for the
drivers to detect and identify during twilight or dark conditions (Hazlett & Allen, 1968). This
situation becomes even more challenging when a poorly visible pedestrian overestimates his/her
visibility and makes a crossing maneuver on a section of unlit road (Allen et al., 1969). Rumar
(1990) describes two driver detection errors for this scenario: 1) inability to identify specific
types of road users or looking at the direction that is appropriate due to the gap of cognitive
expectation; and 2) failure in understanding stimuli when adequate lighting is not available or
when a vehicle approaches in the periphery of the visual field for the road user (RUMAR, 1990).
Kurt Ising conducted a test to find the visibility of pedestrians wearing dark and light
clothing at night (Kurt Ising, 2008). In the trial, pedestrians wore black and white clothing and
stood on a dark unlit rural road. The subjects of this test were the passengers and drivers in a car
traveling at 40 mph. The test subjects pushed a button on a control box when they could detect
the pedestrians on the roadside. Based on the recorded data, the response distance of test
subjects from the pedestrians was measured. The study revealed that the pedestrians on the right
side of vehicles were identified sooner (at a longer distance away) than the pedestrian on the left
side. The low beam headlight is designed to illuminate the roadway in front of the vehicle but is
skewed to the right as not to create excessive glare for cars traveling in the opposite direction.
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Wood et al. (2005) conducted a similar study to measure the ability of the drivers to recognize
pedestrians at night. Age of the driver, types of clothing, glare, and beam of the headlamp
significantly affected pedestrian detection at night (Wood et al., 2005). This study also indicates
that when pedestrians wear retroreflective clothing configured to portray bio-logical motion, they
are recognized by the drivers for 100% of the cases.
A safe crossing of a road depends on both pedestrians' and drivers' behavior (Zhao et al.,
2020). Previous research showed that the yielding rate of drivers to the pedestrian is only about
3.5% at uncontrolled mid-block locations (Zhuang & Wu, 2014). This study highlighted how
making gestures by the pedestrians helps the drivers’ to detect pedestrians and make the yielding
decision in a timely manner as they often do not expect pedestrians at those uncontrolled
locations. The research on pedestrian detection started in the 1930s, and a study by Roper and
Howard (1938) revealed that the drivers detected the dummy pedestrians twice as far away as
they were expecting the pedestrians (Roper et al., 1938).
A study by Schneider and Stefanich (2016) introduced the location-movement
classification method (LMCM) for classifying pedestrian and bicycle maneuvers. The study by
Schneider and Stefanich contains 20 coding schemes for pedestrian movements. In the study of
LMCM, all severity level of pedestrian crashes is more likely to occur farside of the intersection.
This study also found out a pedestrian crash is more likely to be fatal Pedestrian crashes were
significantly more likely to be fatal than nonsevere when a pedestrian hit a vehicle at a mid-block
location and approached from the motorist’s left (Schneider & Stefanich, 2016).

15

Previous research reveals the prevalence of pedestrian crashes in urban areas more than
the rural areas. One reason for the high pedestrian crash rate in urban areas is high pedestrian
exposure (Cottrill & Thakuriah, 2010; Shah et al., 2017). Further, many urban pedestrian crashes
are located at midblock locations rather than at intersections (Everyone Walks. Understanding
and Addressing Pedestrian Safety | GHSA, 2022). In large metropolitan areas, many roads are
designed for motor vehicle mobility with numerous lanes at high speeds and without sidewalks,
and numerous studies have been done on how speed and built environment can be the cause of
pedestrian crashes (Schmitt, 2020; Sun & Sun, 2020). Often, intersections are spaced far apart to
control access and aid in progression. However, this type of design is not amenable to pedestrian
crossing movements, and pedestrians tend to choose the more direct and often illegal midblock
crossings rather than traversing out of their way to have protected crossings at signalized
locations (Dangerous By Design 2021 - Smart Growth America, 2017)
The application of machine learning techniques is getting popular because of its ability to
handle various types of data and data with missing values or outliers (Mafi et al., 2018). Among
the different applications of machine learning techniques for analyzing motor vehicle crashes,
the most popular analysis is to study/classify pedestrian crash severity levels (Ahmadi et al.,
2020; Iranitalab & Khattak, 2017; Jamal et al., 2021; Wen et al., 2021; Zhang et al., 2018).
Pedestrian crash severity classification is also a popular application of machine learning
techniques (Guo et al., 2021; Komol et al., 2021; Mokhtarimousavi, 2019; Toran Pour et al.,
2017).
Rahman et al. evaluated different machine learning models to analyze macro-level
pedestrian crashes. They developed decision tree regression models using a broad category of
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variables such as roadway characteristics, socio-demographics, and traffic. The study also
applied different ensemble techniques (random forest, gradient boost, and bagging). Study results
indicated ensemble techniques outperformed the DTR models (Rahman et al., 2019). Komol et
al. applied different machine learning techniques for modeling crash severity levels of vulnerable
road users, including pedestrians. K-nearest neighbors (KNN), Random Forest (RF), and Support
Vector Machine (SVM) models were developed using 17 different types of variables. From the
comparison of different models, RF appeared to be the most robust among others (Komol et al.,
2021). A study was conducted in Greece to compare and validate different machine learning and
deep learning models for predicting real-time crashes using real-time traffic and weather data.
This study computed different performance metrics for seven different artificial intelligence
techniques. Among the different models, the deep leaning models outperformed the other ml
models (Theofilatos et al., 2019). The area of crash severity analysis is very mature, and a lot has
already been done in the field. However, there have not been many studies on crash
characterization and identifying factors associated with pedestrian crashes depending on
pedestrian maneuver. The author believes this study will help determine the critical roadways
infrastructure for pedestrian crashes.
2.4 Methods

The analysis of this paper starts with a detailed characterization of pedestrian crashes
based on the pedestrian direction of travel at the time of the crash, followed by developing
machine learning models to classify the crashes based on pedestrian maneuvers and identifying
the features critical for these types of crashes.
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The following pedestrian crash analysis follows two separate but related approaches. The first is
a manual qualitative study of fatal pedestrian crash report forms from South Carolina for the
period of 2014-2015. A more significant, multiyear analysis follows using an automated
quantitative program stemming from the qualitative study. During the qualitative assessment,
the researchers manually reviewed the narratives and crash diagrams directly from police crash
reports for fatal pedestrian crashes to define coding schemes for pedestrian maneuvers. Further
investigation of this subset of crash sites using Google Earth allowed researchers to determine
common factors among roadway design features, classification, and pedestrian infrastructure
according to specific types of pedestrian movements. The quantitative analysis deals with a much
larger volume of crashes but is limited to elements contained in the crash database and excludes
the actual crash report narratives and diagrams. The manual analysis of crash reports informed
the development of sophisticated queries of the crash database entries to mimic the review of
drawings and written descriptions. The crash database was used in conjunction with the
Roadway Inventory Management Systems (RIMS) database to provide a complete picture of the
nighttime pedestrian crashes and related factors. The researchers compared manual and
automated results to ensure the accuracy of the quantitative approach. This section will review
the data sources, as well as the detailed steps in both the qualitative and quantitative methods.
2.4.1

Data Sources and Data Preparation

Several data sources were required for the analysis of pedestrian crashes. These included: the
South Carolina Department of Transportation (SCDOT) Crash Database, South Carolina
Department of Public Safety (SCDPS) TR 310 Crash Report Forms, SCDOT Roadway Inventory
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Management Systems (RIMS) database, as well as additional roadway and traffic control data
obtained from Google Earth. Descriptions of the data and processing requirements follow.
Further, Table 2-1 contains a summary of all crash database queries and the elements collected
from different sources for both the qualitative and quantitative analysis.
2.4.1.1 SCDPS/SCDOT Crash Database
SCDOT maintains a geospatial database of all crashes occurring in South Carolina
extending back to 2007. The database contains multiple files with data on each crash grouped by
crash and site factors, unit or vehicle factors, occupants, and commercial vehicles. Hundreds of
elements are available for analysis, including crash severity, route category, light and weather
conditions, traffic control, the direction of travel of vehicles and pedestrians, and many more.
Researchers used the crash date base as a source of data for both qualitative analysis and
quantitative analysis. Table 2-1 lists crash data elements used for queries in both studies. One
critical analysis task involved separating day, night, and twilight crashes. This process is not
trivial. The author initially planned to use the light condition data provided in the crash database.
Later authors decided to use a more sophisticated method. The author pulled the longitude,
latitude, and time of each crash from the crash database. They fed the data into python’s
PyEphem package to find the sunrise, sunset, beginning, and end of the civil twilight for each
crash (PyEphem, 2022). The author then coded the crashes as daytime, twilight (morning and
evening twilight), or nighttime crashes. A crash was identified as a morning twilight crash if that
crash happened between the time from the beginning of civil twilight and sunrise. And a crash
was identified as an evening twilight crash if it happened between sunset and the end of the civil
twilight. A crash was identified as a nighttime crash if it happened anytime between the end of
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the civil twilight to the beginning of the next civil twilight (this includes nautical and
astronomical twilight).

2.4.1.2 SCDPS TR 310 Crash Report Forms
To supplement the factor data obtained through the crash database, researchers requested
an electronic copy of a subset of fatal nighttime police crash reports containing crash diagrams
and narratives. Researchers collected 200 crash reports for the qualitative study – 98 for 2014
and 102 for 2015. SDCOT redacted all personal information from the reports before
transmission. A manual analysis of the crash reports helped discern the crash patterns through
the direction of travel of vehicles and pedestrians from the crash diagram and narratives.
2.4.1.3 Google Earth
Google Earth was used only in conjunction with the TR 310 crash reports to obtain a
detailed understanding of the site characteristics where the crash occurred. Based on the
literature review conducted during the initial phase of the research, researchers determined that
the presence of street lights, the presence of the sidewalk, and the presence and types of medians
are all critical for pedestrian crash analysis. Researchers used Google Earth to search and code
each roadway design element manually. Further, researchers also obtained the presence of
sidewalks from Google Earth. Sidewalk presence is one essential pedestrian safety element not
commonly maintained in state datasets.

20

2.4.1.4 Roadway Inventory Management System (RIMS) Database
RIMS is another geospatial database containing all the aspects of SCDOT's roadway
inventory. For example, RIMS contains data for route type, number of lanes, AADT, functional
class, median presence, etc. Crash overlays on the RIMS linear network in the GIS allow RIMS
attributes to be selected and joined with the crash data. For all geolocated crashes, RIMS queries
provided attributes including route type, route division, median type, the total number of lanes,
functional class, and land use type, which were critical pieces of information about the physical
characteristics of the roads on which the pedestrian crashes occurred.
Table 2-1 Data Sources and Variables Used in this Research
Qualitative Data Analysis (2014-2015)
S.C. Crash Database Queries:
Unit type:
•

SC TR 310 Crash report diagrams and narratives:
•

Pedestrian and vehicle direction of travel

Pedestrian
Google Earth:
Light condition:

•

Dark (Lighting unspecified)

•

Dark (Streetlamp lit)

•

Dark (Streetlamp not lit)

•

Dark (No lights)

•

Presence of light pole

•

Presence of sidewalk

•

Crash location:
➢ Intersection
➢ Midblock

Severity level:
•

Fatal only

•

Number of lanes
➢ One lane in each direction
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Qualitative Data Analysis (2014-2015)
➢ Multilane

Quantitative Data Analysis (2007-2016)
S.C. Crash Database Queries:
Unit type:
•

Pedestrian

Time of Day:

Crash Database:
•

Pedestrian and vehicle direction of travel

•

Lighting Weather condition

SCDOT Roadway Inventory Database:

•

Day (Sunrise-Sunset)

•

Route type – Interstate, U.S., SC, Secondary, Local

•

Dark (End of Civil Twilight-

•

Area Type – Rural or Urban

Beginning of Civil Twilight)

•

Functional Class – Primary Arterial to Local

•

(Streetlamp not lit)

•

Median type*

•

Morning Twilight (Beginning of

➢ Non-divided

Civil Twilight-Sunrise)

➢ Divided - (5 categories)

Evening Twilight (Sunset- End

➢ Multi-lane - Bituminous Median (typical

•

of Civil Twilight)

TWLTL)
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Qualitative Data Analysis (2014-2015)
➢ One-way street

Severity level:
•

Fatal crash

•

Injurious crash

•

PDO

•

Land use

•

Total number of lanes

•

Sidewalk treatment

Qualitative analysis of TR 310 Crash Reports and Google Earth
One objective of the qualitative research component was to identify the most common pedestrian
crash patterns. This pattern analysis started with the pedestrian movement and interaction with
the infrastructure and vehicles. The process began by coding the direction of travel of the cars
and pedestrians loosely based on the LMCM developed by Schneider and Stefanich (2016) (19).
Two individuals with expertise in crash analysis independently conducted manual reviews of the
crash reports. They later came together to compare findings for the year 2014 to discern the
quantity and reason for any discrepancies in the coding. For differences in coding, the
researchers discussed and scrutinized the information provided in the description of the crash
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report until they reached a consensus. The researchers repeated the process for the second year of
data (2015), and the match rate for this year was 100 percent.
The most common coding schemes used in this study are pedestrians walking along the
road in the same direction as the traffic, pedestrians walking along the road in the opposite
direction of the traffic, pedestrians crossing the road approaching from the left of the driver, and
crossing the road coming from the right of the driver. Additionally, crashes where the pedestrian
was either standing or working, lying on the road, or doing something other than walking or
crossing received a code of “other." Some crashes did not have enough detail to discern the exact
scenario - these received a code of "unknown." The researchers removed the unknown pedestrian
movement crashes from the pattern analysis to avoid combining these incorrectly. Figure 2-1
summarizes the most typical pedestrian travel maneuvers (pedestrian direction of travel)
considered in the qualitative study with examples of the schematic diagrams found in the crash
reports.
Researchers used Google Earth to compile infrastructure details for the final data
collection step in the qualitative analysis. Elements collected included the presence of light
poles, sidewalks, location of the crash site in an intersection or midblock section, number of
lanes (two-lane or multilane), and median type (TWLTL, painted, raised, etc.).
Quantitative Analysis and Data Validation
In the qualitative analysis, researchers analyzed the fatal pedestrian crash reports for two
years (2014-2015) to replicate the manual work into an automated system to conduct a
quantitative analysis using several years of data. In the process of automation, the maneuver of
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the vehicle and pedestrian combine to predict the pedestrian's direction of travel in reference to
the vehicles (see Figure 1). In the qualitative analysis, these directions were identified by hand,
but the team wrote code to discern the directions using the ArcGIS API for python for the
quantitative analysis. At the beginning of the quantitative analysis, pedestrian crashes that
occurred at midblock were identified using the data available on the crash database for the traffic
control type and junction type. The junction types that are considered at midblock locations are
crossovers, driveways, shared-use paths or trails, non-junction, and anything that is mentioned as
unknown. Suppose any of these junction types have a traffic control type of stop and go light,
flashing traffic signal, railroad (crossbucks, lights, and gates), railroad (crossbucks and lights), or
crossbucks only. Following that, a query returned pedestrian crashes at midblock locations with
pedestrian movement classifications coded as "PedApp" signifying the directional approach of
the pedestrian with respect to the vehicle's direction. The unit file of a crash database contains
directional information for each unit (vehicle and pedestrian in this case).
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Ped-Along/Same- Pedestrian walking along
the road in the same direction as traffic

Ped-Along/Opposite - Pedestrians walking
along the road in the different directions of
traffic

Ped-Left/Mid-block- Pedestrian crossing the
road approaching from the left of the vehicle
(Mid-block scenario)

Ped-Right/Mid-block- Pedestrian crossing
the road approaching from the right of the
vehicle (Mid-block scenario)

Figure 2-1 TR 310 Crash Report Coding Schemes
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Using the directional information, combinations of pedestrian and vehicle directions were coded
with respect to one another. For example, if the vehicle was traveling north and the pedestrian
was traveling north, the "PedApp" field was coded as Ped-Along/Same, indicating the pedestrian
is walking along the road (not crossing) and in the same direction as the vehicle. Table 2-2
shows the "PedApp" coding output for variations of pedestrian and vehicle movements of
interest.
Table 2-2 PedApp Field Coding Guide
The direction of the
Vehicle

The direction of the
Pedestrian

The direction of travel for
pedestrians with respect to the
vehicle

North

North

Ped-Along/Same

South

South

Ped-Along/Same

East

East

Ped-Along/Same

West

West

Ped-Along/Same

North

South

Ped-Along/Opposite

South

North

Ped-Along/Opposite

East

West

Ped-Along/Opposite

West

East

Ped-Along/Opposite

North

West

Ped-Right

South

East

Ped-Right

West

South

Ped-Right

East

North

Ped-Right

North

East

Ped-Left

South

West

Ped-Left
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The direction of the
Vehicle

The direction of the
Pedestrian

The direction of travel for
pedestrians with respect to the
vehicle

West

North

Ped-Left

East

South

Ped-Left

After populating the "PedApp" field, researchers developed a multi-tiered query to obtain
crashes of interest – specifically fatal pedestrian crashes at night at midblock locations where
pedestrians are walking along the road or crossing. Figure 2-2 illustrates the pertinent queries for
the quantitative analysis. The research team compared the automated system with the manual
coding and analysis to determine the accuracy of the automated system. The output was
compared for the years 2014-2015. Researchers determined that the manual qualitative analysis
and the automated quantitative analysis matched 97% for Ped- left, 85% for Ped-right and 100%
for both Ped-Along/Same and Ped-Along/Opposite. The high percentage of matching indicates
that the accuracy of the coding was satisfactory to conduct a quantitative analysis for the
expanded period of 2014-2018, note that pedestrian trend analysis is done on the year 20112018. In fact, the automated analysis did not depend on information in the narrative and diagram,
but rather on mandatory direction fields, so the automated analysis was more complete than the
manual. In the five quantitative analysis only 2% of crashes were identified as null (unknown)

28

due to the absence of directional information for the vehicle and pedestrians.

Total Crash (2011-2018)
93134

Pedestrian Crash
7216 (0.73%)

Day

Night

Twilight

2900(40.2%)

3635(50.4%)

399 (5.5%)

Mid-block
1897(65.4%)

Fatal
123 (6%)

Injury
1595
(84%)

Intersection
922 (31.8%)

PDO
179 (9%)

Fatal
17 (2%)

Injury
795 (86%)

Other/Unknown
81 (2.8%)
PDO
110 (12%)

Fatal
646 (22%)

Intersection

Mid-block
2981 (82.0%)

Injury
2145(72%)

610 (16.8%)

Other/Unknown
44 (1.2%)

Other/Unknown
282 (3.9%)

Mid-block

Intersection

298 (74.7%)

90 (22.6%)

Other/Unknown
11 (2.8%)

PDO

Fatal

Injury

PDO

Fatal

Injury

PDO

Fatal

Injury

PDO

190 (6%)

96 (16%)

466 (76%)

48 (8%)

39 (13%)

238 (80%)

21 (7%)

9 (10%)

68 (76%)

13 (14%)

Figure 2-2 Query process and results for crash data analysis
The last step in data compilation involved merging roadway inventory data from the SCDOT
RIMS database with the crash data using a spatial join in ArcGIS. Researchers used the final
dataset to conduct statistical testing to assess trends across time and determine if the differences
were significant or not.
With the quantitative and qualitative analysis, the author wrapped up a crash
classification for the pedestrian direction of travel. They moved on to developing a machine
learning model for classifying walking and crossing types of crashes. The models were able to
identify features that are key to classifying walking vs. crossing crashes.
2.4.2

Data preparation for Machine Learning Models

The models are developed for all midblock crashes from 2014 to 2018. Before
developing the models, the data needed to be processed and cleaned. There was a total of 3161
midblock crashes. Among them, 44 crashes did not have any direction of travel associated to it;
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hence, the author could only use 3117 crashes to develop the models for midblock crashes.
While selecting the nigh time midblock crashes, there were 153 records that did not have any
time information. Therefore only 1799 crash records were used for developing models of crashes
that happened at night at midblock locations. Machine learning models are not always capable
of running models with missing data; therefore, if any of the records in the crash data had a
missing value that was replaced by a value ‘99999’.
Table 2-2 presented that the pedestrian directions were coded into four types. However,
for the sake of the classification, all different walking maneuvers were aggregated as walking,
and all different crossing maneuvers were aggregated as crossing crashes. Models were
developed for four different combinations of data and features for three different machine
learning models: Decision Tree, Random Forest, and K-nearest neighbor (KNN). Table 2-3
shows the models developed for each of the machine learning techniques.
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Table 2-3 List of Machine Learning Models
Training Features

Test Feature

Crash variables and

Walking or

RIMS variables

crossing crash

Crash variables and

Walking or

RIMS variables

crossing crash

RIMS variables

Walking or

Location

Time of

Number of

crash

crashes

Midblock

All

3117

Midblock

Night

1799

Midblock

All

3117

Midblock

Night

1799

crossing crash
RIMS variables

Walking or
crossing crash

4X3 = 12 Total Machine Learning Models
More than 50 percent of the crashes happened at night. More than 70 percent of the nigh
time crashes happened at midblock locations, which led the author to develop the models on
midblock pedestrian crashes and midblock pedestrian crashes at night. The direction of travel
classifications models was developed using categorical and continuous variables. Before running
the models for machine learning techniques, the categorical variables were transformed using
python API using a label encoder (OneHotEncoder). Table 2-4 shows the statistics of the critical
categorical variables (crash and RIMS) used for midblock crashes.
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Table 2-4 Data Summary Statistics
Categorical Variables

Base Route Category

Code

Description

Frequency

Percentage

1

Interstate

35

1%

2

Us Route

170

5%

3

Sc Route

216

7%

4

Secondary Route

1510

49%

5

Local Route

1162

37%

6

Other

16

1%

99999

Missing

3

0%

1

Gore

2

0%

2

Island

0

0%

3

Median

76

2%

4

Roadside

204

7%

5

Roadway

2553

82%

6

Shoulder

156

5%

7

Sidewalk

46

1%

8

Outside Trafficway

63

2%

First harmful location
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Categorical Variables

Code

Description

9

Unknown

Frequency

Percentage

17

1%

1879

60%

995

32%

Two-Way, Not
1

Divided

Two-Way, Divided,
2

Unprotected Median

Traffic way
Two-Way, Divided,

Time of the crash

Presence of Left Outside
Curb

3

Barrier

197

6%

4

One-Way

31

1%

8

Other

15

0%

1

Day

998

32%

2

Night

1799

58%

3

Day twilight

48

2%

4

Night twilight

120

4%

99999

Unknown

152

5%

0

No

2094

67%

1

Yes

1023

33%

0

No

2092

67%
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Categorical Variables

Code

Description

Frequency

Percentage

1

Yes

1025

33%

0

No

2283

73%

1

Yes

823

26%

2

Both

11

0%

0

No

2253

72%

1

Yes

853

27%

2

Both

11

0%

0

Non-divided

1718

55%

290

9%

27

1%

905

29%

13

0%

Presence of Right Outside
Curb

Sidewalk Treatment (1)

Sidewalk Treatment (2)

Divided - Earth
1

median

Divided - Concrete
2

median

Median Type
Multi-lane 3

bituminous Median

Divided - Raised
Concrete & Surfaced
4

Median
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Categorical Variables

Code

Description

Frequency

Percentage

85

3%

Divided - Physical
5

Barrier

Divided - Cable Stay
6

Guardrail

74

2%

8

One-way street

5

0%

2

2

1690

54%

3

3

4

0%

4

4

1182

38%

5

5

12

0%

6

6

212

7%

8

8

17

1%

Rural

0

824

26%

Urban

1

2293

74%

Crossing

0

1375

44%

Walking

1

1732

56%

Total lanes

Land use

Pedestrian direction of travel
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2.4.3

Classification Approaches used for Analysis

In this study, the author used three machine learning techniques for classifying walking
and crossing crashes: Decision Tree, Random Forest, and K nearest Neighbor. The author chose
machine learning techniques over the traditional statistical analysis because of their capability to
handle large numbers of training features and are computationally robust (Makridakis et al.,
2018)
The decision tree is one of the most commonly used supervised classification algorithms
which is used for its simplicity explainability for computationally inexpensive (Rezapour et al.,
2020). A decision tree can handle both categorical and continuous variables. The decision tree
starts with a root node that splits the data after evaluation. After the initial split, further splitting
is done on nodes until it reaches the leaf node, where no more split is possible (Goh &
Ubeynarayana, 2017). One of the disadvantages of the decision tree is overfitting features (z_ai,
2021).
Random forest is an ensemble learning method that generates different classifiers and
aggregates the results (Comparison of four statistical and machine learning methods for crash
severity prediction). In a random forest model, multiple decision trees are trained, and the
majority of the votes from these decision tree models are used to decide the class of the data
(Alokananda Ghoshal, 2020). One of the best features of random forest is its robustness to
overfitting (Breiman, 2001).
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K nearest neighbor is one of the simplest classification algorithms. It classifies data based
on the class of its nearest neighbors. The neighbor distances are measured using Euclidean,
Manhattan, Minkowsi, and Hamming distances (Suganya & Vijayarani, 2017).
Before running the algorithms, the entire data set was divided into train and test sets. 70% of the
data were used for training, and 30% were used for testing. The author developed a correlation
matrix on the entire data set and ignored any variables that are highly co-related to each other.
Hyperparameter tuning is critical to developing a best-performing machine learning model. In
this research, the author applied a grid search cross-validation method is find the best parameters
for the decision tree and random forest algorithm. For the decision tree models, the best criterion
(Gini or entropy), maximum depth of the tree, and the number of components, and for the
random forest models, the number of n estimators and maximum depth were determined.
Parameters that entailed the best accuracy were used for classifying the data sets.
Finally, all the models were evaluated for different performance measures. The
performance measures used for evaluating the models are listed below:
Precision- the precision value is calculated by developing a ratio of true positives (TP) to the sum
of the true positive (TP) and false positive(FP) cases.
𝑇𝑃

Precision = 𝑇𝑃+𝐹𝑃
Recall- Recall is the ability of a classifier to find positive instances. This value is calculated as a
ratio of true positives to the sum of true positives and false negatives.
𝑇𝑃

Recall = 𝑇𝑃+𝐹𝑁
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F1 Score- The F1 score is a weighted harmonic mean of precision and recall. The best score for
F1 is one, and the worst score is zero.
𝑅𝑒𝑐𝑎𝑙𝑙∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

F1 Score = 2* 𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
Accuracy: The accuracy score is computed as a ratio of the true positive and true negative sum to
the sum of true positive, false positive, false negative, and true negative cases.
Accuracy =

𝑇𝑃+𝑇𝑁
𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁

Receiver Operating Characteristic (ROC) method is also one of the widely accepted methods
for measuring the performance of machine learning models. ROC curves are plotted with
sensitivity (true positive rate) on the vertical axis against the false positive rate (1-specificity) on
the horizontal axis. The final performance measure used for the analysis is the area under the
ROC (AUC score). Generally, a higher AUC indicates better classification.
2.5 Results

This section summarizes the results from the crash analysis in three major parts 1)
qualitative analysis from the fatal pedestrian crash reports and 2) quantitative analysis for the
crash database, and 3) walking and crossing crash analysis using machine learning techniques.
Each of these two sections summarizes the results based on different pedestrian maneuvers with
respect to the vehicle's direction of travel.
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2.5.1

Qualitative analysis

This section contains a summary of the analysis of the TR 310 fatal pedestrian crash reports for
2014 and 2015. A total of 200 fatal nighttime pedestrian crash reports were analyzed. The crash
reports included both crashes occurring at midblock and intersection locations. However, the
researcher predominantly focused on crashes occurring at midblock locations and sorted
collisions based on the graphics and narrative contained in the crash reports. In the end, 78 and
73 fatal pedestrian crashes occurred at midblock locations for the years 2014 and 2015,
respectively. After isolating the midblock collisions, the pedestrian crashes were divided into six
categories, as mentioned in the methods section. Figure 2-3 presents the distribution of fatal
pedestrian crashes by movement type.
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Percentage of Crashes

Percent Distribution of Crashes for Direction of Travel for Pedestrians with Respect to
Vehicles
(2014-2015)
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Figure 2-3 Percent Distribution for Direction of Travel for Pedestrians with Respect to
Vehicles
Given the random nature of crashes, it is difficult to discern if there is a pattern of
pedestrian movements using only two years and 151 crashes. However, the following
quantitative analysis presents data from 10 years of pedestrian crashes. In addition to studying
the distribution of different pedestrian maneuvers, researchers investigated roadways
infrastructure information at the crash location using Google Earth. Figure 2-4 presents data on
light poles at the crash locations. Google obtains imagery during the daytime, so researchers
could not determine the operation of the lights, especially at the time of the crash. However, the
presence of the light pole does indicate the probability of lighting at the site. Light poles are not
present in most crash locations for all the four types of pedestrian crash maneuvers. For some
crashes, light-pole information is unknown because those crashes were not correctly geolocated.
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Figure 2-4 Presence of Light-pole by Pedestrian Crash Maneuver
Figure 2-5 shows the percentage of fatal nighttime pedestrian crashes at midblock based
on the sidewalk presence for different types of pedestrian maneuvers. The most prominent
pattern involves crashes with pedestrians walking along the road at night, either in the same or
opposite direction of the traffic. With the lack of an appropriate sidewalk facility, pedestrians
often walk in the roadway. Not a single crash involving walking along the road occurred in the
presence of a sidewalk at the crash location. On the contrary, there is not a trend visible in
crossing crashes (Ped-Right/Ped-Left) with or without the presence of sidewalks.
Figure 2-6 shows the number of lanes at the crash locations for the different types of
pedestrian movements. The charts reveal that the majority occur on two-lane two-way roads for
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both types of walking along the road crashes (Ped-Along/Same and Ped-Along/Opposite).
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Figure 2-5 Presence of Sidewalk by Pedestrian Crash Maneuver
Two-lane two-way streets are often secondary or local roads that may not have sidewalk
facilities. A different scenario is noted for the crossing crashes and indicates that multilane
facilities are more probable locations for pedestrian crossing crashes. Pedestrians crossing the
road at midblock sections at night violate driver expectations. Pedestrian clothing choices are
also non-reflective and may contribute to a lack of detection. Further, the multilane scenario may
also cause pedestrians to be occluded by vehicles in adjacent lanes.
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Figure 2-6 Number of Lanes by Pedestrian Crash Maneuver
2.5.2

Quantitative analysis

This section summarizes the results from the crash analysis using five years of crash data
from 2014 to 2018. As previously mentioned, once the qualitative study was complete, the
researchers wanted to automate the process of analyzing multiple years of data to find the trends
in different types of pedestrian crashes. Upon developing code in ArcGIS using the python
script, the researchers compared the results from manual and automated analyses for the years
2014 and 2015 (see Figure 2-7). The comparison determined the percentage of direction coding
matching the manual codes.
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Number of Falat Pedestrian Crashes at Midblocks

Comparision between Crash Classification using Automated vs. Manual Coding (2014 and
2015)
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Figure 2-7 Comparison of Manual and Automated Coding of Fatal Pedestrian Crashes at
Midblock by Maneuver
Automated and manual coding comparisons show similar patterns for the various
pedestrian movements. After matching individual crashes, on average, an 84% match was found.
Also, there were fewer unknown crashes with automated coding, which is a positive outcome of
the automated analysis. Finding an 84% match to be satisfactory, the research team was
confident about the reliability of the results from quantitative analysis. Figure 2-2 shows the
number of crashes in each level of the crash database query for 2011-2018, and the following
bullets describe some of the highlights of the summary statistics:
•

Between 2011 and 2018, there was a 68% increase in the total number of pedestrian
crashes.
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•

More than 50% of pedestrian crashes happened at night, 40% during the day, and 5%
at twilight.

•

In 2014, 12% of pedestrian crashes were fatal, and in the year 2016, 16% of the
pedestrian crashes were fatal, which is a 4% increase in fatal crashes in only two years.

•

Among the nighttime pedestrian crashes, more than 80% occurred at midblock
locations, and for the daytime pedestrian crashes, 65% of the crashes happened at
midblock (see Figure 2-8).

•

Among the nighttime midblock crashes, 72% are injury types of crashes, and 22% are
fatal, and for the daytime midblock crashes, 84% are injury and 6% fatal types of crash.
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Figure 2-8 Distribution of Midblock Vs Intersection Crashes for Day and Night
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A critical task in this research was to categorize the midblock pedestrian crashes based
on the direction of travel of pedestrians with respect to the vehicles. For pedestrian crashes at
midblock (the year 2014-2018) locations, 56% were walking along the road, and over 44% were
crossing. The pedestrian direction was also studied. Two hundred thirty-nine fatalities happened
for pedestrians walking along the road in the same direction as vehicles and 56 for pedestrians
walking opposite. One hundred forty-six pedestrians were killed when crossing the road
approaching the driver from the left, and 129 were killed when crossing coming to the driver
from the right. One hundred forty-six pedestrians were killed when crossing the road
approaching the driver from the left, and 129 were killed when crossing approaching the driver
from the right.
The next few analyses will present the different roadway features associated with walking
and crossing nighttime fatal pedestrian crashes at midblock locations. These roadway features for
different types of pedestrian crashes were obtained by joining the crash database with the
SCDOT roadway inventory database. The roadway features at the crash locations presented in
the following sections include route type, route division, median type, the total number of lanes,
functional class, presence of the sidewalk, and land use.
Figure 2-9 shows the route types at the crash locations for the different types of
pedestrian maneuvers. Results from the crash data reveal that for both types of walking crashes
(Ped-Along/Same and Ped-Along/Opposite), secondary types of routes are more susceptible to
these crashes. For the Ped-Right and Ped-Left types of crossing crashes, U.S. routes are the
locations with a higher percentage of crashes.
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Pedestrian Maneuvers for Pedestrian Midblock Crashes at
Night by Route Type (2014-2018)
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Figure 2-9 Pedestrian Maneuvers for Fatal Pedestrian Midblock Crashes by Route Type
(2014-2018)

Pedestrian Maneuvers for Pedestrian Midblock Crashes at
Night by Route Division (2014-2018)
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Figure 2-10 Pedestrian Maneuvers for Pedestrian Midblock Crashes at Night by Route
Division (2014-2018)
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Pedestrian maneuvers for fatal pedestrian midblock crashes at night were also categorized
by whether the route was divided or undivided. Figure 2-10 shows a similar pattern for all four
types of crashes – with the predominant type being undivided facilities. On average, less than a
quarter of the subject crashes are on divided roadways.
The distribution of fatal nighttime pedestrian crashes at midblock locations by maneuver
type, and median type is shown in Figure 2-11. With the knowledge that most of the walking
along the road type crashes are on two-lane secondary type roads, it is not surprising to see most
median types as non-divided. Whereas, for both crossing crash types, multilane bituminous
medians are prominent. These are typically representative of dedicated median turn lanes or twoway left-turn lanes. Bituminous medians can also be flush medians painted with two double
yellow lines or filled with diagonal lines, but this is less common. Note that turn-lanes do not
provide a proper pedestrian refuge.
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Pedestrian Maneuvers for Pedestrian Midblock Crashes at Night by Median Type
(2014-2018)
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Figure 2-11 Pedestrian Maneuvers for Pedestrian Midblock Crashes at Night by Median
Type (2014-2018)
Error! Reference source not found. provides the number of lanes at the nighttime
pedestrian midblock crash locations for different pedestrian maneuvers. The charts reveal that
two-lane roads are the most probable for both types of walking crashes, although some do occur
on four-lane and six-lane roads. Many two-lane roads are secondary roads that may not have
sidewalk facilities.
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Pedestrian Maneuvers for Pedestrian Midblock Crashes at Night by
Total Number of Lanes (2014-2018)
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Figure 2-12 Pedestrian Maneuvers for Pedestrian Midblock Crashes at Night by
Total Number of Lanes (2014-2018)
A different scenario is visible for the crossing crashes and indicates that multilane
facilities are more probable locations for crossing crashes. When pedestrians cross the road at
midblock at night, drivers do not expect that they will be there, and the multilane scenario may
also cause pedestrians to be blocked from view by vehicles in adjacent lanes.
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Pedestrian Maneuvers for Pedestrian Midblock Crashes at
Night by Total Area Type - Rural or Urban (2014-2018)
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Figure 2-13 Pedestrian Maneuvers for Pedestrian Midblock Crashes at Night by Total
Area Type - Rural or Urban (2014-2018)
In South Carolina, there are numerous roadway functional classes. So, instead of
presenting the different types of pedestrian crashes for all the roadway functional classes, the
author aggregated the functional classes based on their area types. Area type describes whether
the road section is in an urban area or a rural area. Figure 2-13 shows that the roadway
functional classes are relatively evenly split among rural and urban for both types of walking and
road crashes. However, most crossing types of crashes occurred in urban areas, with only a little
over a quarter occurring in rural areas.
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Pedestrian Maneuvers for Pedestrian Midblock Crashes at by
Presence of Sidewalk (2014-2018)
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Figure 2-14 Pedestrian Maneuvers for Pedestrian Midblock Crashes at by Presence of
Sidewalk (2014-2018)

Figure 2-14 shows how walking and crossing crashes occurred at the locations that do
not have any sidewalks and can tell how adding a sidewalk to the roadway can reduce walking
crashes at night. There is an even split between having a sidewalk or no sidewalk for crossing
crashes.
2.5.3

Results from Machine Learning Models

The author compared the performance of the models based on: accuracy, precision,
sensitivity, F1 test, receiver operating curve (ROC), and area under the ROC curve (AUC)
scores. Results for the 12 classification models are presented in Table 2-5
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Table 2-5 Performance Measure Score for Different Machine Learning Models
Accuracy
Precision

Model for pedestrian crashes at midblock with RIMS (total crash: 3117)
Decision Tree
Random Forest
KNN
0.6560
0.7073
0.6838

0.62
0.70
0.64
0
0.68
0.71
0.72
1
0.65
0.71
0.68
All class(avg)
All class (weighted avg)
0.65
0.71
0.69
Sensitivity
0.57
0.59
0.67
0
0.73
0.80
0.69
1
0.65
0.70
0.68
All class(avg)
All class (weighted avg)
0.66
0.71
0.68
F1 Score
0.59
0.64
0.65
0
0.70
0.75
0.71
1
0.65
0.70
0.68
All class(avg)
All class (weighted avg)
0.65
0.70
0.68
AUC
0.6411
0.7336
0.7289
Model for pedestrian crashes at midblock at night with RIMS (total crash: 1799)
Decision Tree
Random Forest
KNN
Accuracy
0.6870
0.7370
0.7056
Precision
0.62
0.71
0.64
0
0.73
0.75
0.76
1
0.68
0.73
0.70
All class(avg)
All class (weighted avg)
0.69
0.73
0.71
Sensitivity
0.62
0.61
0.67
0
0.74
0.83
0.73
1
0.68
0.72
0.70
All class(avg)
All class (weighted avg
0.69
0.74
0.71
F1 Score
0.62
0.66
0.65
0
0.73
0.79
0.74
1
0.68
0.72
0.70
All class(avg)
All class (weighted avg
0.69
0.73
0.71
AUC
0.6920
0.7582
0.7505
Model for pedestrian crashes at midblock with RIMS and crash variables (total crash: 3117)
Decision Tree
Random Forest
KNN
0.6388
0.7094
Accuracy
0.6923
Precision
0
1

0.60
0.66
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0.70
0.71

0.65
0.72

All class(avg)
All class (weighted avg)

0.63
0.64

0.71
0.71

0.69
0.69

0
1
All class(avg)
All class (weighted avg)

0.56
0.71
0.63
0.64

0.60
0.80
0.70
0.71

0.66
0.72
0.69
0.69

0
1
All class(avg)
All class (weighted avg)

0.58
0.68
0.63
0.64
0.6092

0.65
0.80
0.70
0.71
0.7707

0.66
0.72
0.69
0.69
0.7340

Sensitivity

F1 Score

AUC

Model for pedestrian crashes at midblock at night with RIMS and crash variables
(total crash: 1799)
Decision Tree
Random Forest
KNN
0.6759
0.7519
Accuracy
0.7241
Precision

0.61
0.72
0.67
0.68

0.74
0.76
0.75
0.75

0.68
0.75
0.72
0.72

0
1
All class(avg)
All class (weighted avg

0.60
0.73
0.66
0.68

0.61
0.85
0.73
0.73

0.63
0.79
0.71
0.72

0
1
All class(avg)
All class (weighted avg

0.60
0.73
0.67
0.68

0.67
0.80
0.74
0.75
0.7799

0.65
0.77
0.71
0.72
0.7445

0
1
All class(avg)
All class (weighted avg)
Sensitivity

F1 Score

AUC

0.6992
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The results presented in Table 5 show that the RF model developed with RIMS and crash
variables performed the best with a model accuracy of 0.77, the precision of 0.75, sensitivity of
0.75, F1 score of 0.75, and AUC score of 0.8196. The accuracy score for class one (walking
crashes) is higher than class zero (crossing crashes) overall models for all machine learning
algorithms. This is because the crash data has more walking crashes than crossing crashes. While
developing the machine learning model, the author used the 'stratify' function to make sure the
distribution of both classes is the same.
From the performance measures of the model for pedestrian crashes at midblock with
RIMS variables, the random forest has the highest accuracy (70.7%) compared to the accuracy of
the decision tree (65.6%) and KNN (68.4%). For precision, RF generates the highest score
(71%), KNN has the second-best score (68%), and the decision tree has the lowest precision
score (65%). The F1- score and AUC RF have the best values (70% and 73.5%, respectively)
compared to the scores for KNN (68% and 72.9%) and decision tree (65% and 66.7%).
Among the models developed for pedestrian crashes at midblock at night using ML
models, RF models generate the best score (accuracy 73.7%, precision 73%, sensitivity 72%, and
AUC of 76%). KNN models result also closer to the RF model results (accuracy 70.6%,
precision 70%, sensitivity 70%, and AUC of 74.8%). Decision tree models has the lowest
accuracy scores (68.7%, 68%, 68%, 71.7%).
The first two sets of models are developed using only the RIMS variables, but when the
crash variables are added for classifying the walking and crossing crashes, the overall accuracy
of all models increases. For the classifiers developed for midblock pedestrian crashes that
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happened at a midblock location with RIMS and crash variables, the AUC score of the random
forest model is the highest (81.9%), and it is high than the KNN (75.5%) and decision tree
(76.9%) models. The accuracy, precision, sensitivity, and F1 scores for RF are also higher than
KNN and DT models.
The performance of the models at midblock at night with RIMS and crash variables has
already been discussed before yielding the best performance among all. Like the RF models, the
KNN and DT models also generated higher accuracy scores compared to others.
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Figure 2-15 ROC curve for different machine learning models
Figure 2-15 ROC curve for different machine learning models represents the ROC
curves for the models and the AUC scores associated with them. One of the features of the ROC
curves generated with the random forest is its sensitivity to the data, meaning the model responds
very quickly to any change in the data. The KNN and DT models are coarser than the RF
models.
2.5.3.1 Feature Importance for Classification Models
Feature importance is a method that assigns a score to the features based on their relative
importance in classifying the target features. The feature importance score for random forest and
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decision tree models are developed using the feature importance function of scikit-learn
(Brownlee, 2020).
Figure 2-16 and Figure 2-17 show the relative importance of features for classifying
walking and crossing crashes that happened at midblock at night using both RIMS and crash
variables. These models identify the roadway features that play the most crucial role in walking
and crossing crashes. One of the critical features for random forest and decision tree models is
total surface width. Having or not having curbs are also common for both models; note that the
presence of a curb means either having a gutter or sidewalk, meaning there is a separation
between pedestrians and the travel lane protecting the pedestrians. The presence of sidewalk
treatment is also significant for pedestrian protection, and both models have picked that up.
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Figure 2-16 Feature Importance for Walking Vs. Crossing Crash Classification
Model developed for Midblock Nighttime Crashes using RIMS and Crash Variables
(Random Forest)
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Figure 2-17 Feature Importance for Walking Vs. Crossing Crash Classification
(Model developed for Midblock Nighttime Crashes using RIMS and Crash Variables
(Decision Tree))
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Left shoulder width is also common for classifying nighttime midblock crashes found by both
models, which can protect pedestrians if there are no sidewalks. Roadways with low AADT and
local roads as a base route category are also dominant factors for these types of crashes.
Combing the findings, it is safe to say that roadways with two-lane roadways (more than 50
percent of the nighttime midblock crashes occurred at two-lane to way roads), low AADT, no
presence of curbs are the critical factors for walking and crossing pedestrian crashes.
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Figure 2-18 Feature Importance for Walking Vs. Crossing Crash Classification
(Model developed for Midblock Crashes using RIMS Variables (Random Forest))
Figure 2-18 and Figure 2-19 show the feature importance score for the models
developed with midblock crashes using only RIMS variables. Total surface width has been
identified as the first and second important feature for random forest and decision tree models.
Other key features are median width, shoulder width, presence of the sidewalk, etc. Although we
cannot comment on any specific range of the width of the roadway that is making a difference,
we can say looking at the other factors that the roadway types that are susceptible to walking and
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Figure 2-19 Feature Importance for Walking Vs. Crossing Crash Classification
(Model developed for Midblock Crashes using RIMS Variables (Decision Tree))
crossing crashes are more the urban roadway sections with high AADT (20K-49K). The decision
tree model also identified Horry, Greenville, and Lexington counties as essential factors for
classifying walking and crossing crashes.
2.5.3.2 Important Features for Individual Class Classification
A random forest model can identify the essential features for each target feature
(walking/crossing). The following section discusses the elements that play a crucial role in
classifying if a crash will be a walking or crossing type of crash.
Walking crashes at midblock: Figure 2-20 and Figure 2-21 show the essential features for
classifying walking crashes at midblock. The results are from two different models. One is a
model for crashes at midblock developed with RIMS and crash variables, and the other is
developed with only RIMS variables. The common theme for both models is the urban locations
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(urban land use, urban principal arterial other). Also, the presence of curbs and sidewalks are
deemed necessary.
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Figure 2-20 Feature Importance for Walking Crashes
(Model developed for Midblock Crashes using RIMS and Crash Variables (Random
Forest))
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Figure 2-21 Feature importance for Walking Crashes (Model developed for Midblock
Crashes using RIMS Variables (Random Forest))
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Crossing crashes at midblock: Both midblock crossing crash models identified Richland
county as the most crucial feature to classify this crossing crash verifying the risk of Richland
county for pedestrian crossing (Figure 2-22 and Figure 2-23). The presence of curbs, sidewalks,
and total surface width is dominant factors for classifying this crossing type of crash. The total
number of lanes 4 and 2 are found to be crucial. From the midblock crash statistics, we saw
about 50 percent of crashes occurred on four-lane roadways and 40 percent on two-lane
roadways, making these types of roads more susceptible to pedestrian crossing crashes.
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Figure 2-22 Feature Importance for Crossing Crashes (Model Developed for Midblock
Crashes using RIMS and Crash Variables (Random Forest))
Feature Importance for Crossing Crashes
Model Developed for Midblock Crashes using RIMS Variables (Random
Forest)

Figure 2-23 Feature Importance for Crossing Crashes (Model Developed for Midblock
Crashes using RIMS Variables (Random Forest))

Walking crashes at midblock at night: Figure 2-24 and Figure 2-25 show the prevalent factors
for classifying a walking crash that happens at midblock at night. Both models identified twolane roads as one of the most critical features, which were also found from the analysis of the
crash statistics of walking crashes at night (67% of nighttime walking crashes occurred on two
lanes two ways roads). Total surface width is common for both models, and so is the right
outside shoulder width. Note that in the absence of a sidewalk, a wide shoulder can also alternate
for pedestrian
walking space. Although it will not be as safe as a sidewalk, it can still provide some form of
separation from the travel way. Other features like having a right outside curb and median width
are also crucial.
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Figure 2-24 Feature Importance for Walking Crashes (Model Developed for Midblock
Nighttime Crashes using RIMS and Crash Variables (Random Forest))
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Figure 2-25 Feature Importance for Walking Crashes (Model Developed for Midblock
Nighttime Crashes using RIMS Variables (Random Forest))
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Crossing crashes at midblock at night: Figure 2-26 and Figure 2-27 show the critical features
for classifying a crossing crash at night in midblock locations using random forest models
developed with a crash and RIMS variables and only with RIMS variables. Having or not having
the sidewalk installed are the first two crucial factors for classifying if a crash would be a
crossing crash. Note that there is an equal distribution of sidewalk presence for crossing crashes
at midblock locations at night. Other features such as the presence of curbs, multilane roadway,
and a roadway with multilane bituminous roads came out to be crucial.
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Figure 2-26 Feature Importance For Crossing Crashes (Model Developed For Midblock
Nighttime Crashes Using RIMS And Crash Variables (Random Forest))
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2.6 Conclusions and Future Directions

In summary, the crash analysis provided much insight into the predominant types of
pedestrian crashes occurring in South Carolina. Night-time midblock crashes are the most
dominant type of fatal pedestrian crash. This paper conducted a detailed analysis of four primary
pedestrian movements resulting in fatal or injury crashes. The key findings from the study are as
follows:
•

Between 2011 and 2018, there was a 68% increase in the total number of pedestrian
crashes.

68

•

More than 50% of pedestrian crashes happened at night, 40% during the day and 5% at
twilight.

•

The percentage of fatal pedestrian crashes increased from 12% in 2014 to 16% in 2016
- a 4% increase in only two years.

•

Among the nighttime pedestrian crashes, more than 80% occurred at midblock
locations, and for the daytime pedestrian crashes, 65% of the crashes happened at
midblock.

•

Among the nighttime midblock crashes, 72% are injury types of crashes, 22% are fatal,
and for the daytime midblock crashes, 84% are injury and 6% fatal types of crash.

•

Analysis conducted on the nighttime fatal mid-block crashes shows that pedestrians
walking along the road (42%) are more susceptible to being hit by vehicles than other
pedestrian maneuvers. The second most risky maneuver is when pedestrians cross the
road approaching from the driver's left (26.4%).

•

While investigating crashes where the pedestrians were fatally injured walking along
the road (same or opposite direction), researchers noted that these crashes
predominantly occurred on undivided two-lane two-way roads with no sidewalk
facilities.

•

For crossing crashes, where pedestrians cross the road approaching the driver's side
from the left (most common) or right, researchers found that these crashes happened
most frequently on multilane facilities. These roads also lacked refuge spaces for
pedestrians to wait for oncoming cars to pass.
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•

Other significant factors for nighttime fatal midblock crashes are the lack of
illumination and pedestrian refuge areas at the crash locations.

This study contributes to the pedestrian crash analysis by developing crash analysis
models based on the pedestrian direction of travel and identifying the key features contributing to
these crashes. The significant findings from the development of machine learning models are:

•

When models were developed for classifying pedestrian walking and crossing crashes
at midblock locations using only RIMS variables, Random Forest models generated
the highest accuracy AUC score (0.7736) among other machine learning techniques
(KNN and Decision Tree). KNN also performed well with an AUC score of 0.7289.

•

Similarly, when models were developed for classifying pedestrian nighttime walking
and crossing crash at midblock locations using only RIMS variables, Random Forest
models generated the highest accuracy AUC score (0.7582) among other machine
learning techniques (KNN and Decision Tree). KNN also performed well with an
AUC score of 0.7505.

•

Random forest models outperformed decision tree (AUC 0.6092) and KNN (AUC
0.7340) when the crash classification model was developed with both RIMS and
crash variables with an AUC score of 0.7707.

•

Among the models for classifying nigh time walking and crossing crashes that
occurred at midblock developed with both RIMS and crash variables, Random forest
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models performed the best with an AUC score of 0.7799 compared to Decision Tree
(AUC score 0.6992) and KNN (AUC score 0.7445)
•

From the analysis of the ROC curves for all the three types of machine learning
models, it is evident that the Random Forest model is the model that responds to any
change in the data more effectively. Random forest models are also more robust to
any data overfitting than other models.

•

After developing the feature importance for classifying nighttime walking and
crossing crashes that occurred in midblock (Model used both RIMS and crash
variables), the key features that came into the author' account are total surface width
and presence of right outside curb, presence of sidewalk treatment, etc. All these
features indicate that a roadway without having the infrastructure for pedestrian
safety is detrimental to pedestrians and will lead to a crash.

•

From analyzing the feature importance scores for classifying midblock crashes (using
only RIMS variables), it is clear urban roadways with high AADT (20K-50K), the
presence of sidewalk; curbs are the key. Models also identified Horry, Greenville, and
Lexington counties as the most probable locations for these crashes.

•

Random forest models have the capability of identifying the features essential for
classifying individual classes. When looking at the walking crashes at midblock
(using RIMS and RIMS with crash variables), urban locations (urban land use, urban
principal arterial other), presence of curbs, and sidewalks are deemed necessary.
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•

Richland County has been identified as the most susceptible crash location for
crossing crashes. The presence of curbs, sidewalks, and total surface width is
dominant factors for classifying this crossing type of crash.

•

Two-lane two-way roads have been identified as the key locations for walking
crashes at night. Total surface width is common for both models, and so is the right
outside shoulder width. Note that a wide shoulder can also alternate to pedestrian
walking space in the absence of a sidewalk.

•

Having or not having the sidewalk installed are the first two crucial factors for
classifying if a crash would be a crossing crash. Note that there is an equal
distribution of sidewalk presence for crossing crashes at midblock locations at night.
Other features such as the presence of curbs, multilane roadway, and a roadway with
multilane bituminous roads came out to be crucial.

The researchers believe that all pedestrians should be able to use roadway facilities safely
and without going significant distances out of their way. Therefore, it is the responsibility of the
roadway planners, designers, and engineers to consider pedestrians as critical system users and
plan, design, and install safe crossing/walking facilities or by providing engineering
modifications to the built environment.
This paper is the first in a series of three describing the measurement of pedestrian
vulnerability in context. It focuses on the patterns of pedestrian movement and the development
of roadway infrastructure. Follow-on papers cover social and infrastructure vulnerability.
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Building on research by Cutter [1996], these findings provide the first component pieces for
understanding the contextual vulnerability of places for pedestrians.
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CHAPTER THREE
3. ANALYSIS OF THE PEDESTRIAN INVOLVED IN CRASHES THROUGH
RESIDENTIAL LOCATIONS, SOCIO-ECONOMIC FACTORS AND
RESIDENTIAL LOCATION PROXIMITY TO THE CRASH SITES, AND THE
SOCIO-DEMOGRAPHIC CHARACTERISTICS OF THE NEIGHBORHOOD
3.1 Abstract

In 2019, South Carolina ranked fourth in the nation in pedestrian fatalities per
100,000 population. Out of 1001 total motor vehicle fatalities, 160 involved pedestrians,
accounting for over 14% of all road user fatalities in South Carolina. While some
individuals choose to walk and dwell in transit-oriented or mixed-use walkable
communities, others may walk because they have no choice – their socioeconomic or
sociodemographic factors dictate mode choice.
One of the motivations for deploying connected and autonomous vehicle (CAV)
technology is to reduce the high percentage of crashes due to human errors. Before
allowing autonomous vehicles full access to our roadway networks, it is critical to ensure
they are safe for all types of road users. Even in a fully autonomous transportation system,
pedestrian movement will continue to be one of the most unpredictable elements of the
system. Hence, pedestrian detection, as well as tracking and movement prediction, is a
critical component of autonomous vehicle functionality and will be key to the success of
the system.

81

The author analyzed the socioeconomic factors surrounding pedestrians involved
in fatal and injury crashes at night to discern if there is a disparity among individuals
involved in these crashes. Low-income and high-density urban environments are the most
probable locations for pedestrian fatalities and injuries. From a CAV perspective,
individuals living in these areas are most likely to interact directly with the CAV system
and receive a disproportionate share of the injuries and fatalities associated with imperfect
detection technologies.
Keywords: socioeconomic, sociodemographic, pedestrian crash
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3.2 Introduction

In 2019, South Carolina ranked fourth (behind New Mexico, Florida, and
Delaware) in pedestrian fatalities per 100,000 population (NHTSA, 2019). Out of 1001
total motor vehicle fatalities, 160 involved pedestrians, accounting for over 14% of all road
user fatalities in South Carolina. Essentially, one pedestrian was killed on the roads of
South Carolina every 2.2 days (Traffic Collision Fact Books | SCDPS, n.d.). While some
individuals make conscious choices to walk and dwell in transit-oriented or mixed-use
walkable communities, others may walk because they have no choice. The pedestrian
mode may be dictated due to factors such as vehicle availability, disability status, education
level, reading ability, and economics. Thus, pedestrian crashes and resulting deaths and
injuries can disproportionately affect these segments of the population.
Over the last five years (2014-2018), South Carolina experienced 687,260 total
crashes, and 0.71% involved pedestrians. Among these pedestrian crashes, about 14% are
fatal, and most of the fatal crashes occur at night (84%). The inherent vulnerability of
pedestrians in an automobile environment prescribes that the number of fatal and injury
pedestrian crashes are far higher than the Property Damage Only (PDO) crashes. While
there are various factors that influence the occurrence of a traffic crash (drivers, vehicles
and their conditions, and other environmental factors), 90% of the crashes are believed to
involve human error (Singh, 2015). After analyzing the crashes associated with the driver
error, it was found that 41% of the crashes occurred because of recognition failure (Ricci,
2019). This partially explains why such a high percentage of pedestrian crashes happen at
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night – drivers fail to recognize hazardous conditions because they physically cannot see
them.
One of the motivations for deploying connected and autonomous vehicle (CAV)
technology is to reduce the high percentage of crashes due to human errors. However,
before allowing autonomous vehicles full access to our roadway networks, it is critical to
ensure they are safe for road users (i.e., pedestrian, bicyclists, and other motorists). Even
in a fully autonomous transportation system, pedestrian movement will continue to be one
of the most unpredictable elements of the system. Hence, pedestrian detection and tracking
and movement prediction are critical components of autonomous vehicle functionality and
will be key to the system's success (Navarro et al., 2017).
In this paper, the author analyzed the socioeconomic factors surrounding
pedestrians involved in fatal and injury crashes at night to discern disparity among
individuals involved in these crashes. The analysis is made possible by geolocating the
home locations of the pedestrians using de-identified address information from police crash
reports.

The pedestrian home locations are associated with block groups, and

socioeconomic data for the block groups is obtained from Census data. The author also
used Social Vulnerability Index (SVI) to identify the social vulnerability of the pedestrians
involved in crashes. SVI was created by the Centers for Disease Control and Prevention.
SVI was developed for the public health officials and emergency response planners to
easily identify the communities that need support in a hazardous event (CDC SVI
Documentation 2018 | Place and Health | ATSDR, 2022).
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Additionally, the author conducted a proximity analysis between the pedestrian's
home and crash locations to determine if the crashes are occurring at an easily walkable
distance (<0.5 miles) of the pedestrian's home location or if the distance would require
motorized transportation (>5 miles). Pedestrian movements are also analyzed to determine
if crossing the road or walking along the route are attributed to varying socioeconomic
conditions. Finally, the author consider trends from the 2010 National Household Travel
Survey (NHTS) concerning household income, percent of walking trips, and typical trip
distances with the data obtained for pedestrians sustaining injuries or fatalities during
pedestrian movements. Upon finishing that analysis, the author explore facets of the
connected autonomous vehicle technology and whether it will be safe for the full spectrum
of road users.
3.3 Literature Review

Pedestrians are among the most vulnerable road users from a transportation safety
standpoint. This is especially the case in South Carolina, where 14.5% of total fatalities in
2019 were pedestrians. South Carolina also had the fourth-highest pedestrian fatality rate
of 2.9 pedestrian fatalities per 100,000 population in 2019 in the U.S.

(FARS

Encyclopedia: States - Pedestrians, 2019). There has been extensive research done on the
sociodemographic and socioeconomic status of pedestrians involved in crashes over the
past few decades. The two significant characteristics investigated over the years have been
the age of pedestrians and the household income (relative to poverty or socio-economic
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status) of pedestrians (or neighborhood) with disproportionately high pedestrian crash
frequency and severity.
In 2019, 23% of pedestrian fatalities fell within the 50 to 59-year range (NHTSA
2021). This was the highest 10-year range. Also, the average age of pedestrians killed over
the last ten years has increased from 45 to 48 (NHTSA 2021). A couple of previous
research concludes that the elderly (65 years and older) are more likely to be associated
with more severe pedestrian crashes compared to younger pedestrians (Hanson et al., 2013;
Pour-Rouholamin & Zhou, 2016; Xin et al., 2017) and that higher crash severity is seen in
older populations due to them being less mobile and more fragile with regard to recovery
from a crash (Prato et al., 2018). However, middle-aged and younger pedestrians are
associated with a higher risk of involvement in pedestrian crashes overall due to higher
levels of exposure (Moreno et al., 2016). Simply put, younger people walk and run more;
hence, there is an elevated risk considering only exposure. This reasoning is supported by
research results from the Florida DOT, which suggests that pedestrian crashes are more
frequent in areas with a smaller proportion of older adults (Lin et al., 2017). Although the
elderly does not constitute the highest proportion of overall pedestrian crashes, their crash
severity levels within that group are disproportionately high compared to other age groups.
Household income directly imputes the socio-economic status of an individual or
area, which also correlates with many characteristics of concern in traffic safety, such as
vehicle ownership, travel patterns, the built environment, and the lifestyle of pedestrians
as a whole. A study in Canada by Morency et al., 2012 concluded that areas with lower
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income reported a higher rate of pedestrian injury, almost seven times higher than areas
classified as having a high income. To add to this, pedestrian crashes have been found to
be more prevalent and of more concern in low-income areas (Cottrill & Thakuriah, 2010;
Moreno et al., 2016; Shah et al., 2017). The ownership of vehicles has a direct correlation
to socio-economic status in most areas of the nation. Areas with households with an
average vehicle ownership of 1 vehicle or less experience a higher incidence of pedestrian
crashes (Lin et al., 2017). Households with one vehicle or less often have no choice but to
use public transportation, bike, or walk, increasing their exposure to vehicle traffic
(Chimba et al., 2018; Shah et al., 2017). Unfortunately, low income neighborhoods also
tend to lack pedestrian safety infrastructure - especially for children (Hwang et al., 2017).
Other relevant factors have been found to be significant concerning the occurrence
of pedestrian crashes, including minority populations, lifestyle, land use, and the built
environment. Minority populations, mainly Hispanics and African-Americans, are
disproportionately represented in pedestrian crash frequency and fatality statistics (Cottrill
& Thakuriah, 2010; Lin et al., 2017). Research conducted by the Florida DOT reports that
pedestrian crashes were more frequent in areas with high proportions of minority
populations (Lin et al., 2017). However, (Chimba et al., (2018), in their investigation of
socio-demographic characteristics of pedestrian, crashes in Tennessee, highlighted the
importance of understanding socio-economic factors and built environment when
analyzing the risk of a pedestrian crash involving a minority group of populations. This is
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because minority groups tend to live in lower-income areas, have low vehicle ownership,
live in high-density areas with high traffic volumes, and walk more (Chimba et al., 2018).
To some extent, the land use and built environment also dictate residents' travel
patterns and lifestyles in an area. The infrastructure and land use in bigger cities (e.g.,
commercial districts and dense residential areas) require more public transportation,
walking, and other active transportation modes (Burbidge, 2018). Research shows that
individuals from the millennial generation are driving less in urban areas due to the
availability and ease of alternate transportation options such as buses, trains, Uber, and
Lyft (Burbidge, 2018) – therefore, increasing pedestrian activity. Pedestrian crash rates are
higher in urban areas primarily due to exposure (high pedestrian activity) (Cottrill &
Thakuriah, 2010; Shah et al., 2017). In 2019, 82% of pedestrian fatalities occurred in urban
areas (NHTSA 2022). However, urban areas were associated with decreasing levels of
severe injury for pedestrians (Pour-Rouholamin & Zhou, 2016), primarily due to reduced
vehicle speeds in urban areas. The built environment also indicates the type of pedestrian
crashes in an area. A study of 779 fatal nighttime pedestrian crashes in South Carolina
showed a correlation between pedestrians walking along the road and rural two-lane
highways and alternating midblock crossing crash occurring predominantly along urban
multi-lane highways (Ogle et al., 2020).
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3.4 Methods

This research used a variety of sources and processes to compile and clean the data
for analysis. The step by step process followed for the analysis for this paper is presented
in the list below:
1. Obtain fatally and injury nighttime pedestrian crash records with pedestrian
home location information for the year 2014-2018
2. Clean, prepare and geocode the pedestrian home location information
3. Append Census block group data to the individual pedestrian crashes
4. Summarize the socio-demographics of the pedestrians involved in the fatal and
injury crashes at night
5. Append CDC Social Vulnerability Index (SVI) and National Cancer Institute
Sprawl Index to census tracts
6. Summarize the factors associated with SVI and sprawl
7. Conduct proximity analysis between the pedestrian home location and the crash
location
8. Compare proximity analysis and socioeconomic data with NHTS reported
information
The analysis for this paper started with querying the SCDOT crash database to find
records for nighttime fatal and injury pedestrian crashes. The SCDOT crash database
includes numerous factors associated with the crash site and contextual information,
including county, severity, route category, date of crash, light and weather condition, traffic
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control type, number of units involved in the crash, the direction of travel of the vehicle,
and pedestrians (if any), etc. The SCDOT crash database contains the crash data for the
period 2001-to 2019. The crash database was queried for all crashes involving pedestrians
at night for all severity levels for the years 2014-2018. While the crash database contains
crashes of all severity levels (fatal, injury, and property damage only), only the fatal and
injury crash types were used in this analysis. Nighttime crashes were identified using the
light condition instead of the time of the day due to the variation throughout the year (i.e.,
the summer days are very long compared to the winter days).
Once the fatal and injury pedestrian crashes at night were retrieved from the crash
database, the next task was to obtain the home location of the pedestrians who were
involved in these crashes. A request was submitted to SCDOT to provide the street address
and 9- or 5-digit zip code information for the identified crashes. Of a total of 2696 fatal
and injury pedestrian crashes nighttime (3543 fatalities and injuries), the home location
information could only be obtained for 2466 crashes (70%). The remaining 30% of the
crashes either had missing zip code or street address information, were out of state, and
several pedestrians were coded as homeless or without a permanent residence. Figure 3-1
shows all the data attrition through the various processing steps.
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Figure 3-1 Crash data attrition through multiple processing steps
Upon receiving the home location (street address, city, state, and zip code) from
SCDOT, the database was cleaned and prepared for geocoding. While the 9-digit zip codes
with properly formatted street addresses are ideal for geocoding locations, these were not
available for all crashes. Often time the given street addresses were incomplete or are not
in the format that could be readily used for geo-coding. These types of discrepancies in the
database result in data loss. To overcome this, the author manually geocoded the
unmatched addresses to achieve a 70% match for the five years of data.
Once the home locations for fatal and injury-involved pedestrians at night were
identified, the next step was to associate the socioeconomic and sociodemographic
information for the Census block group containing the home location. The spatial join
function in the ArcGIS spatial analysis platform was used to impute socio-demographic
characteristics of the block groups to the approximate home locations geocoded within a
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specific block group. Census block group boundaries in ESRI shapefile format populated
with 2010 U.S. Census data for South Carolina acquired from the U.S. Census Bureau. The
sociodemographic categories included: population, gender, race/ethnicity, and age.
Socioeconomic variables included; median household (HH) income, educational
attainment, % in poverty, vehicles available, and vehicle age. Average values were
computed for the state and the geocoded sample of pedestrians involved in fatal and injury
crashes.
On top of analyzing the socio-demographics of the pedestrians involved in the
crashes, the author looked at the CDC Social Vulnerability Index (SVI) developed for the
primary health care workers and emergency management system planners to help prepare
better assist the community who are in vulnerable condition during any hazardous event
(CDC SVI Documentation 2018 | Place and Health | ATSDR, 2022). The SVI data is
available for the census tracts and the author joined this data with the geo-coded home
location of the pedestrians using the spatial join function in the ArcGIS spatial analysis
platform. The SVI used four different types of variables to develop the indices using the
American Community Survey (ACS), 2014-2018 data to estimate the vulnerability of the
following four areas: socioeconomic status, household composition, disability, minority
status, and language and housing type of transportation. In this research, the author used
the following variables to study the vulnerably of the pedestrian home location associated
with the crash: Unemployment Rate estimate, Per capita income estimate, Percentage of
civilian noninstitutionalized population with a disability estimate, Percentage of single92

parent households with children under 18 estimate, Percentage minority (all persons except
white, non- Hispanic) estimate, Percentage of persons (age 5+) who speak English "less
than well" estimate, Percentage of housing in structures with 10 or more units estimate,
Percentage of mobile homes estimate, Percentage of occupied housing units with more
people than rooms estimate, Percentage of households with no vehicle available estimate,
Percentage of persons in institutionalized group quarters estimate, Index for socioeconomic
vulnerability-RPL_THEME1,

Index

for

household

composition/disability

-

RPL_THEME2, Index for Minority Status/Language - RPL_THEME3, Index Housing
Type/Transportation - RPL_THEME4. Average values were computed for the state, and
the geocoded home location of pedestrians involved in fatal and injury crashes occurred at
night.
Smart Growth America (SGA) and U.S. Environmental Protection Agency (EPA)
sponsored to the development of the sprawl indices in the year 2000 (Ewing et al., 2003) .
Numerous studies have analyzed the impact of sprawl over the years. National Cancer
Institute, the Brookings Institution, and Smart Growth America worked on updating the
sprawl for the year 2010. Urban Sprawl Index determines the compactness or spread of the
transportation network and associated development (Geographic Information Systems &
Science - County Level Urban Sprawl Indices, n.d.). Sprawl data is available only for the
metro area locations. For this analysis, researchers applied spatial join in ArcGIS to match
the geocoded home location of the pedestrians involved in crash to census tracts in South
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Carolina and obtain the related sprawl index. Higher the value of sprawl indices meaning
more sprawl and compactness of urban development.
Proximity analysis was conducted to determine any significant trends between
pedestrian crash locations their distance to the residences of the pedestrians involved in
crashes. The crash location was geocoded using the crash coordinates (latitude and
longitude) recorded in the crash database. Before conducting the proximity analysis
between the pedestrian home locations and crash locations, the direction of travel of the
pedestrians with respect to the vehicle was obtained. The direction of travel of the
pedestrian provides information about whether the pedestrian was walking along the road
or crossing the road at the time of the crash. The detailed procedure for obtaining the
direction of travel of pedestrians is explained in a separate report titled “Assessment of
safety benefits of technologies to reduce pedestrian crossing fatalities at midblock
locations” (Islam and Ogle, 2019). The home location and the crash location were linked
together using a geo-relational join where both sets of data had a common accident number.
Coordinates were paired if the crash accident number matched the pedestrian accident
number.
The two sets of paired coordinates (approximate home location and crash location)
served as vertices (nodes) of lines created in ArcGIS. These lines represented the Euclidean
distance between the two points and hence the approximate distance between the crash
location and the pedestrian residence. Using the proximity categories chosen, further
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investigation into the socio-demographic characteristics of pedestrians involved in crashes
was completed.
Finally, the author conducted a comparison between the results summarized from
the socio-demographics information with the distribution of walking trips by distance and
percentage of walking for different income level groups obtained from the NHTS survey
conducted in 2010. Results from the sociodemographic and socioeconomic analysis were
then related to potential disparities associated with the adoption of CAV.
3.5 Results

The research team analyzed the sociodemographic information for pedestrians
involved in fatal and injury crashes by matching their geolocated home location within the
respective Census block groups. Out of the total 681,948 crashes, 0.72% involved
pedestrians. Among these pedestrian crashes, the percentage of fatal and injury crashes is
14.06% and 75.8%, respectively. Most of these fatal and injury pedestrian crashes
happened at night, and when the author looked at the contributing factors associated with
these crashes, they found that 36% of these crashes happened because the pedestrians were
lying or illegally on the road, and 15.6% of them happened because of improper crossing.
The author also looked at the other contributing factors. 17.5% of the crashes also happened
because the pedestrians were not visible/or wearing dark clothing. Needless to say, there is
also a lack of infrastructure (lighting/sidewalk) to keep these pedestrians safe on the road
(Islam and Ogle, 2022). After analyzing the number of fatalities and injuries associated
with the crashes, it was revealed that 711 fatalities resulted from 693 fatal crashes, and
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4261 pedestrians were injured in 3734 injury crashes. As mentioned in the method section,
the author requested home location information for fatal, and injury pedestrian crashes at
night; SCDOT provided street and zip code information for 3543 fatalities and injuries for
2014-2018. Around 30% of the data provided by SCDOT were either out of state or had
either missing zip codes or street addresses. The author also encountered homeless persons
in the database, which were also deleted. After cleaning all of the data, 2466 fatalities and
injuries were geocoded in ArcMap.
Upon geolocating the crash-involved pedestrian home locations, the author joined
them with the census block groups to obtain the socio-demographic characteristics of the
persons involved in crashes. Authors also joined the SVI and sprawl data with the
pedestrian home locations. It is mentioned in the method section that both SVI and sprawl
data were only available for the census tracts. Average values were computed for the state
as well as the sample of fatally injured pedestrian crashes sample of geolocated pedestrians.
The differences were significant for most factors. The population density at the home
location of the fatal and injured pedestrians was much higher, with 197 pedestrians per
square mile versus 150 for the state average. This indicates that there is an urban trend –
higher density development. The median household income is also significantly lower,
and the % of individuals in poverty is quite a bit higher. Individuals with only a high school
education are slightly higher as well as the percentage of individuals with no high school
diploma. Comparing pedestrians involved in crashes for various age groups – these are
somewhat similar to the state averages.
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From the comparison of the SVI index for state vs. pedestrian (Table 3-1), the
unemployment rate for the home location for the pedestrian has a significantly higher
unemployment rate (7.56) than the state average (6.87). The percentage of the civilian
noninstitutionalized population with a disability estimated for pedestrians also has a
significantly higher average (15.85) than the state average (15.14). Other factors such as
the percentage of minority (all persons except white, non- Hispanic) estimate, Percentage
of persons (age 5+) who speak English "less than well" estimate are also significantly high
than the state average. SVI also has four indices representing overall social vulnerability,
household composition, minority status/language, and housing types/transportation. Each
of these indices was significantly higher for pedestrian home locations involved in crashes
compared to the average state values. The sprawl index for pedestrian average is higher
(85.1) than the state average value of sprawl index (81.9). Higher the sprawl means more
the compactness of the urbanization.
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Table 3-1 Summary of the Socio-Demographic Analysis
Category

Pedestrians (All)

State Average

Summaries from the Socio-Demographic Analysis
Average Median HH Income

39632.2*

44337.4

% Individual in Poverty

20.9*

17.8

% Edu Attainment – At Least Col Diploma

28.9*

32.3

% Edu Attainment – High School (HS) Only

33.2*

31.2

% Edu Attainment – No HS Diploma

17.4*

16.0

Age < 35 (%)

48.5*

46.5

Age 35 – 65 (%)

39.3_

39.9

Age > 65 (%)

12.1*

13.7

Caucasian %

59.2*

66.2

African American %

33.4*

27.9

Hispanic %

6.6*

5.1

Asian %

1.4_

1.3

Average Vehicle Age (Years)

9.4*

9.0

Vehicles Available Per Household

1.7_

1.8

Summary for Social Vulnerability Index and Sprawl
Unemployment Rate estimate
Per capita income estimate
Percentage of civilian noninstitutionalized
population with a disability estimate
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7.56*

6.87

24645.19

27340.89

15.85*

15.14

Category

Pedestrians (All)

State Average

Percentage of single-parent households with
children under 18 estimates

11.04*

9.37

Percentage minority (all persons except white, nonHispanic) estimate

45.95*

37.27

Percentage of persons (age 5+) who speak English
"less than well" estimate

1.81*

1.33

Percentage of housing in structures with 10 or more
units estimate

8.11*

7.15

Percentage of mobile homes estimate

18.11

17.15

Percentage of occupied housing units with more
people than rooms estimate

2.41*

1.93

Percentage of households with no vehicle available
estimate

9.17*

7.17

2.24

3.14

Index for socioeconomic vulnerabiltyRPL_THEME1

0.5797*

0.4927

Index for household composition/disability RPL_THEME2

0.5569*

0.4927

Index for Minority Status/Language RPL_THEME3

0.5857*

0.4943

Index Housing Type/Transportation RPL_THEME4

0.5850*

0.4914

Percentage of persons in institutionalized group
quarters estimate

*Significant at 0.05 level
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Table 3-2 Summary of Home to Crash Distance by Range
Miles from Crash

Number of Peds

Percentage of Total

0.5

1224

49.7

5

614

24.9

10

251

10.2

25

219

8.9

Over 25

153

6.2

The proximity results are presented in Table 3-2. From the proximity analysis,
about 50% of the pedestrian who is either killed or severely injured in crashes are within
0.5 miles of their home, and around 85% of the pedestrians are killed or injured when they
are within 10 miles of their home. The number of pedestrians involved in fatal and injury
pedestrian crashes is significantly lower when their home is 25 or more miles away from
the crash site. A detailed summary of the proximity analysis is available in Table 3-3.
These results provide an important picture of fatal and injury crashes. Those crashes
occurring within a very short distance (< 0.5 miles) of one’s home show tendencies to be
a lower income level, have the highest percentage of the population in poverty and have
the highest percentage with only a high school diploma. These pedestrians are also more
likely to be Caucasian. These pedestrians are also found to have the lowest per capita
income estimate, have the highest Percentage minority (all persons except white, nonHispanic) estimate, the highest percentage of persons (age 5+) who speak English "less
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than well" estimate, has the most crowded household situation. Overall the population
living less than 0.5 miles from the crash location has the highest SVI indices for
socioeconomic, minority status/language, and housing type/transportation vulnerability. A
higher value of the indices indicates the higher susceptibility of the population. Pedestrians
involved in fatal and injury crashes at distances between 10 miles and above from their
homes have the highest income level and the smallest percentage of the population in
poverty. At the opposite end of the distribution, the lower-income trend re-emerges. The
sprawl index is the highest for the pedestrians living 0.5 miles from a crash, meaning to
have the highest urban trend compared to the pedestrian living far from the crash.

Table 3-3 Fatal and injury Pedestrian Socio-demographic Data by Home to Crash
Distance
State
Average

196.7

150.0

186.9

224.2

209.7

192.0

153.9

39632.2

44337.4

37751.7

38744.5

44443.0

42704.0

42709.4

% Individual In
Poverty

20.9

17.8

22.5

21.0

18.2

17.3

20.0

% Edu Attainment - At
Least Col Diploma

28.9

32.3

26.8

28.1

33.7

29.7

31.6

% Edu Attainment High School(HS) Only

33.2

31.2

34.4

32.5

31.8

30.3

31.3

% Edu Attainment No HS Diploma

17.4

16.0

18.4

18.6

13.9

16.5

16.3

Age < 35 (%)

48.5

46.5

48.4

48.7

48.9

46.7

49.6

Population Density
Average Median HH
Income

0.5
Miles

101

5 Miles

10
Miles

25
Miles

Over
25
Miles

Pedestrians
(All)

Category

Pedestrians
(All)

State
Average

Age 35 - 65 (%)

39.3

39.9

39.2

39.0

40.0

40.4

38.9

Age > 65 (%)

12.1

13.7

12.5

12.3

11.2

12.9

11.5

Caucasian %

59.2

66.2

56.7

57.2

64.1

67.8

63.8

African American %

33.4

27.9

35.5

35.6

28.7

25.7

29.8

Hispanic %

6.6

5.1

7.1

6.5

6.3

5.5

5.4

Asian %

1.4

1.3

1.4

1.3

1.7

1.3

1.4

Average Vehicle Age
(Years)

9.4

9.0

9.5

9.5

9.2

9.1

9.4

Vehicles available per
household

1.7

1.8

1.6

1.6

1.7

1.8

1.7

Unemployment Rate
estimate

7.56

7.86

7.59

6.84

6.53

7.72

Per capita income
estimate

0.5
Miles

6.87

5 Miles

10
Miles

25
Miles

Over
25
Miles

Category

24645.2

27340.9

23866.9

24846.6

26374.2

25249.6

26365.4

Percentage of civilian
noninstitutionalized
population with a
disability estimate

15.8

15.1

15.9

15.9

15.5

15.8

15.4

Percentage of single
parent households with
children under 18
estimate

11.0

9.4

11.1

11.5

10.5

10.0

11.4

Percentage minority
(all persons except
white, non- Hispanic)
estimate

45.9

37.3

48.2

47.3

41.1

38.5

41.3

Percentage of persons
(age 5+) who speak
English "less than
well" estimate

1.8

1.3

1.9

1.8

1.8

1.5

1.4
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State
Average

8.1

7.2

8.9

8.3

7.3

5.9

5.4

18.1

17.1

18.0

17.0

18.1

21.9

18.4

Percentage of occupied
housing units with
more people than
rooms estimate

2.4

1.9

2.5

2.4

2.5

2.2

1.9

Percentage of
households with no
vehicle available
estimate

9.2

7.2

9.6

10.1

7.4

6.8

8.4

Percentage of persons
in institutionalized
group quarters estimate

2.24

3.14

2.45

2.16

0.96

2.53

2.53

Index for
socioeconomic
vulnerabilityRPL_THEME1

0.58

0.49

0.61

0.58

0.52

0.52

0.55

Index for household
composition/disability
- RPL_THEME2

0.56

0.49

0.56

0.57

0.54

0.54

0.59

Index for Minority
Status/Language RPL_THEME3

0.59

0.49

0.60

0.60

0.55

0.54

0.52

Index Housing
Type/Transportation RPL_THEME4

0.58

0.49

0.61

0.59

0.52

0.53

0.55

Sprawl Index

85.1

81.9

87.5

86.3

79.6

76.6

82.1

Percentage of housing
in structures with 10 or
more units estimate
Percentage of mobile
homes estimate

0.5
Miles

5 Miles

10
Miles

25
Miles

Over
25
Miles

Pedestrians
(All)

Category

From the proximity analysis, it is evident that pedestrians who live in densely
populated areas are more susceptible to fatal and injury crashes at night. These are also the
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location where the people with lower income lives, meaning the areas might have
inadequate amenities required for safe pedestrian maneuver. Because they have a higher
percentage of minorities and do not speak English well, they also lack the skill for
communication. The following figures represent the heat maps generated from the
geocoded pedestrians’ crashes.

Figure 3-3 Heat map from the geocoded home
locations for all the fatalities and injuries

Figure 3-2 Heat map from the geocoded home
locations for the fatalities and injuries for the
pedestrians who lived within 0.5 miles of the
crash location
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Figure 3-4 Heat map from the geocoded home locations for the fatalities
and injuries for the pedestrians who lived within 10 miles of the crash
location

Figure 3-3 shows a density map of pedestrian home locations for the state. As expected,
the concentration of residences for pedestrians involved in fatal and injury crashes was
located in the urban areas of the state as residents in the urban centers are more likely to
cultivate the habit of walking on a regular basis. Figure 3-2 shows the density of the fatally
and severely injured pedestrian's home locations within 0.5 miles of the crash sites, and the
density is quite similar to the previous figure; however, Figure 3-4 shows some discrete
locations and fewer significant clusters.
As mentioned earlier in the method section, in this study, the author envisioned a
comparison of the distribution of walking trips by distance and percentage of walking
among different income groups of the pedestrians who are killed or injured in crashes at
night with the study conducted by the National Institute of Health (NIH). The study
conducted by NIH was based on the survey conducted by National Household Travel
Survey. One of the main objectives of this study was to find the walking distances based
on trip purposes. Table 3-4 shows the comparison between the findings from NHTS and
the analysis based on the fatal and injury crash involving pedestrians analyzed in this study.
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Table 3-4 Distribution of walking trips by distance
Crash Analysis
Distance

Frequency
(%)

(1 block =1/9 mile)

NHTS

Cumulative
(%)

Frequency
(%)

Cumulative
(%)

1

31

31

16

16

2

9

40

17

33

3

4

43

7

40

4

5

48

5

45

5 to 8

8

56

32

77

Based on the findings of this study, the percentage of pedestrians killed or injured
within 0.1 miles of their home are twice the percentage of pedestrians. It indicates making
trips in that range than the percentage of walking reported by the NHTS. However, both
studies found that around 50% of the walking trips are within four blocks of the home
locations. The author also compared to see if there was any difference in the results of the
distribution of walking trips for various income groups. Table 3-5 presents the results.
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Table 3-5 Distribution of Walking Trips by Income Group
Crash Analysis
0.1mile

0.5
mile

6 miles

10
miles

NHTS
25
miles

Over 25
miles

<20k

14%

10%

13%

7%

6%

9%

18.9%

20-40K

47%

47%

47%

36%

44%

41%

15.7%

40-80K

36%

41%

37%

53%

47%

42%

15%

3%

2%

3%

4%

4%

8%

17.5%

>80K

According to the study conducted by NHTS, there is not much difference in the
percentage of trips for the walking mode by income level. This ranges from 15% of trips
to 18.9% of trips. However, there are large differences in the % of fatalities within each
income level. Income <20k is associated with roughly 6-15% of the fatalities and injuries,
but 20-40k represents nearly half of the fatalities and injuries.
Distribution for walking trips for various income groups is not very different
according to the study by NIH, but for this study, the distributions are disproportionately
represented depending on the different income groups. Also, it is evident that the two
income groups, 20-40K and 40-80K, have the highest number of fatalities and injuries. The
highest income groups are least susceptible to nighttime fatalities and injuries.
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3.6 Conclusion and Discussion

Pedestrians are one of the most vulnerable road users in our transportation system.
Out of 989 total motor vehicle fatalities in SC in 2018, 160 involved pedestrians. This
accounts for over 16% of all road user fatalities in South Carolina. In this paper, the author
did not investigate the reasons behind the pedestrian crashes but took a deep dive into
which pedestrians are at risk and are critically exposed to these crashes. The author focused
on the nighttime fatal and injury pedestrian crashes because pedestrian crashes are found
to be more prevalent during the night rather than during the daytime.
The key findings from this study are listed below:
•

For the years from 2014-to 2018, out of the total pedestrian crashes, 14% are fatal,
and 75.8% are injury crashes.

•

Six hundred ninety-three fatal crashes caused seven hundred eleven fatalities, and
4261 injuries occurred from 3734 injury crashes.

•

Out of the total fatal pedestrian crashes, 87% and out of all the injury pedestrian
crashes, 56% happened at night.

•

50% of the pedestrian either killed or severely injured in crashes are within 0.5
miles of their home. Around 85% of the pedestrians are killed or injured when they
are within 10 miles of their homes. Kweku (2016) conducted a study to see the
proximity to crash locations (all crashes) to drivers’ home locations and found that
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approximately 35% of crashes occurred within 5 miles of drivers’ home locations
(Kweku T. Brown, 2016).
•

The number of pedestrians involved in fatal and injury pedestrian crashes is
significantly lower when their home is 25 or more miles away from their home.

•

Crashes occurring within a very short distance (< 0.5 miles) of one’s home show
tendencies to be a lower income level, have the highest percentage of the population
in poverty, and have the highest rate with only a high school diploma.

•

Crashes occurring 0.5 miles and 5 miles from the home location show that these
are the locations with the highest percentage (15.9%) of the population with
disability.

•

Crashes occurring within a very short distance (< 0.5 miles) of one’s home show
tendencies to have a higher percentage of minority (all persons except white, nonHispanic) estimate and a percentage of persons (age 5+) who speak English "less
than well" estimate.

•

These people who live in close proximity to the crash location also live in a
congested quarter compared to the pedestrians living away from crash locations.

•

Comparing the social vulnerability indices, pedestrian crash averages are
significantly higher than the state average.

•

50% of the walking trips are within 4-block of the pedestrian home locations.

•

For South Carolina, the distributions of fatalities and injuries are disproportionately
represented depending on the different income groups.
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As the socio-demographics study shows pedestrians' vulnerability at night to endure
fatal and injury crashes and the density of the crashes mostly in the densely populated urban
areas, it is crucial for the civil engineers and policymakers to take these findings into
account and make changes to make the roadways safer for pedestrians.
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CHAPTER FOUR
4. MEASURING PEDESTRIAN VULNERABILITY IN THE CONTEXT: A CASECONTROL CHARACTERISTICS ANALYSIS
4.1 Abstract

South Carolina has the fourth-highest rate in the nation for pedestrian fatalities,
which underscores the need to assess the vulnerability of pedestrians to roadway crashes.
This research seeks to answer the question of whether discernable differences exist
between sites that experience midblock pedestrian crossing crashes and those that do not.
In this research, the author investigated the development types, sprawl, and social
vulnerability attributes of sites experiencing crashes in the last five years and compared
them with sites of similar roadway design and operation that had not experienced crashes.
This research follows a case and control methodology. The cases included 889 midblock
pedestrian crashes occurring between 2014 to 2018 in both urban and rural settings in
South Carolina. For the urban roadways, the author investigated 516 crash cases and 516
corresponding control sites which experienced no crashes, and for the rural roadways, the
author investigated 373 crash cases and 373 corresponding non-crash control sites. The
author compiled data from various sources for the analysis, including the South Carolina
Department of Transportation (SCDOT) Roadway Inventory Management System
(RIMS), ESRI Business Data Analyst, Social Vulnerability Index (SVI) data, and Sprawl
Index.
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Using three different machine learning algorithms, including decision tree,
random forest, and k-nearest neighbor, the author developed a case and control
classification model to discern crash and non-crash sites for urban and rural locations. Of
all the urban classification models, the model developed with a combination of training
features from all available sources (RIMS, business, SVI, and sprawl) yielded the highest
AUC score (0.8553) compared to other models developed with individual data sets. The
machine learning algorithm that performed the best among the three is random forest.
The decision tree model, developed using only the ESRI business data, yielded the best
AUC score (0.586) for the rural model development. The overall performance of rural
models was lacking compared to urban models. This is likely due to the randomness of
the rural crash occurrences. The urban crash sites show clusters in urban areas, whereas
the rural crash points were random and spread throughout the state.
It is interesting to note that the machine learning algorithms identified the SVI
and sprawl features as the key features for classification between crash and non-crash
sites for the urban models. Important variables included the unemployment in the
surrounding area, percentage of persons without a high school diploma, residential
crowding (the percentage of occupied housing units with more occupants than rooms),
percentage of persons below poverty, estimates of percentile ranking within the SVI
socioeconomic theme, per capita income estimate, the sprawl index and percentage of
single parent households with children under 18. A similar pattern was noted for the rural
classification models using the combination of all data features.
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This research highlights the need for more interdisciplinary work in transportation
safety – particularly when studying vulnerable road users such as pedestrians and
bicyclists. This research provides new metrics for identifying locations within South
Carolina that should be considered top priorities for infrastructure, education, and driver
enforcement interventions to reduce pedestrian crashes and reduce the disparity of these
often severe pedestrian crashes on disproportionately vulnerable groups within our
population.
4.2 Introduction

In the most recent 5-year reporting period (2014-2018), pedestrian fatalities in the
U.S. have increased by 28% (Reish, 2018). According to a report by the Wall Street
Journal, pedestrian fatalities have increased by 17% in the first half of 2021 (Furst,
2022). In 2018, 6,283 pedestrians were killed, and nearly 75,000 pedestrians were injured
in motor vehicle crashes. Considering land use, location, and time, pedestrian fatalities
paint a vivid picture - 80% occurred in urban areas, 73% were located in midblock
sections, and 75% were in dark conditions (Reish, 2018). These are all challenging
contexts for both human drivers and recently deployed Connected and Autonomous
Vehicles (CAVs); therefore, understanding these crashes will require moving beyond the
observation of infrastructure design components to include a more holistic context of the
surrounding environment. The context and resulting human behavior are significant to
correctly classifying and predicting risk for vulnerable road users.

116

Regardless of the risks faced by pedestrians, some individuals prefer the walking
mode. In contrast, others are captive walkers due to vehicle availability, transit
availability, and disability status, particularly in areas with limited pedestrian
infrastructure. Lower household income and land-use development are also factors
associated with pedestrian captivity. Morency concludes that residential areas with lower
income in Canada report a higher pedestrian injury rate, almost seven times higher than
areas with high income (Morency et al., 2012). Other researchers also found similar
results indicating pedestrian crashes are more prevalent in low-income areas (Cottrill &
Thakuriah, 2010; Moreno et al., 2016). Unfortunately, low-income neighborhoods often
lack pedestrian safety infrastructure - especially for children (Hwang et al., 2017). Thus,
pedestrian crashes and resulting deaths and injuries can disproportionately affect these
population segments.
In 2018, South Carolina ranked 4th in the nation in pedestrian fatalities per
100,000 population, with one pedestrian killed in a motor vehicle crash every 2.2 days
(SCDPS, 2018). According to research conducted for the Center for Connected
Multimodal Mobility (Ogle et al., 2020), pedestrian socioeconomic status is a significant
factor in predicting pedestrian crash risk. In South Carolina, 50% of the pedestrians who
are either killed or severely injured in crashes are within a very short walking distance
(0.5miles) of their homes. Around 75% of the pedestrians are killed or injured when they
are within five miles of their homes. The number of pedestrians involved in fatal and
injury pedestrian crashes is significantly lower when the home location is ten or more
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miles away from the walking location. Pedestrians killed within 0.5 miles of their home
tend to reside in areas with lower income levels, high proportions of the population in
poverty, and high proportions with only a high school diploma. Further, 50% of the
walking trips are within four blocks of the pedestrian home locations (Ogle et al., 2020).
For South Carolina, the distributions of fatalities and injuries are disproportionately
represented in lower-income groups. There are always exceptions within income groups;
however, distinct contextual features may improve human and CAV decision making in
areas near vulnerable road users (Wilson et al., 2019)
Building on the prior sociodemographic analysis, a recent study by Wilson et al. (2019)
found that the object detection algorithms used in CAV pedestrian detection are flawed in
detecting pedestrians with darker skin tones. Thus, pedestrians with darker skin tones are
even more vulnerable (Wilson et al., 2019). Previous research also indicates that the
roadway traffic volume often overshadows roadway characteristics, and a site's
development density can replace the traffic volume as a surrogate measure in these
models. In summary, due to the uncertainty surrounding interactions between
humans/CAVs and vulnerable road users, the underlying safety challenge involves
considering these complex contextual factors during crash risk assessment. As pedestrian
fatalities in South Carolina increased 68% from 2011 to 2018 (NHTSA, 2019) this paper
aims to infuse our analytical prowess with more defining factors (Social Vulnerability
Index, Sprawl Index, and land-use development patterns) to understand the context
surrounding increased pedestrian crash risk, with particular emphasis on disadvantaged
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populations. In particular, the research focused on contexts where pedestrians are
particularly vulnerable – in unmarked midblock crossings. While there are often
conflicting perspectives associated with "jay-walking" crashes, prior research repeatedly
indicated the prevalence of these crashes. Factors associated not only with the
infrastructure availability (presence of sidewalks and availability of controlled crossings
within a reasonable distance) but also related to social vulnerability and sprawl were also
considered. A final data input provided insight into the crash locations' business density
and type. It is hoped that these results can enrich situational awareness for human drivers
and CAVs and identify areas with the greatest need for improvements in infrastructure,
training, and social support.
4.3 Literature Review

4.3.1

Pedestrian crashes and land Use

Previous studies reported on variables associated with pedestrian crashes, such as
roadway environmental factors, roadway geometric design factors, sociodemographic
factors, land use factors, characteristics of pedestrians or drivers involved in the collision,
etc. Studies have shown how the built environment and road design impact crash
frequency and severity (Chen & Zhou, 2016; Ukkusuri et al., 2012). The studies stated
that intersections with multilane facilities (4 lanes and more) and land use mixture are
positively related to pedestrian crashes. Commercial and industrial types of land use and
open land use are more likely to have collisions than residential land use, respectively.
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Studies suggested different elements of the built environment such as land use mix,
increase in transit supply, alcohol stores (or bars), big box stores, commercial strip
development, fast-food restaurants, convenience stores, and discount store density are
positively related to pedestrian crashes (Amoh-Gyimah et al., 2016; Dai & Jaworski,
2016; Dumbaugh et al., 2012; Khan & Habib, 2021; Lin et al., 2017; Long & Ferenchak,
2021; Miranda-Moreno et al., 2011). Previous studies have also presented the relationship
between the density of schools with pedestrian crashes (Narayanamoorthy et al., 2013;
Ukkusuri et al., 2011).
According to a study conducted by Smart Growth America, the southern
metropolitan areas have significant sprawl - meaning the blocks are situated far apart and
have wide roads reducing their accessibility to pedestrians (Smart Growth America,
2017). More specifically, sprawl is the process in which the spread of development across
the landscape far outpaces population growth. Sprawl has been associated with the lack
of transportation choices, and thus, increasing difficulty in making walking trips as the
destinations are distant, resulting and poor access (Ewing et al., 2003). The sprawl index
is a way of ranking communities based on their compactness. There are four primary
factors for developing the sprawl index (Douglas Cooley, 2014). They are:
•

Residential and employment density

•

Neighborhood mix of homes, jobs, and services

•

Strength of activity centers and downtowns
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•

Accessibility of the street network

Over the years, research has been conducted to determine the relationship between urban
sprawl and the overall health condition of the community (Frumkin et al., 2004), obesity
and physical activity (Lopez & Hynes, 2006), mental health (Sturm & Cohen, 2004),
traffic safety (Ewing & Dumbaugh, 2009), residential energy use and climate change
(Stone et al., 2010). Ewing et al. (2003) conducted a study to find the association between
urban sprawl and traffic and pedestrian fatalities. The results from the study concluded
that sprawl index is negatively corelated with pedestrian fatality rates after they adjusted
for exposure (Ewing et al., 2003).
4.3.2

Methods for Studying Pedestrian crash and land Use

Studies have used different methods for investigating the relationship between
pedestrian crashes and land use in proximity to the crash location. Kim et al.; studied the
correlation between land use, employment, population, etc., with different types of motor
vehicle crashes, including pedestrian crashes. The land use data was collected from a
detailed GIS database for that jurisdiction. This study used uniform-sized grid cells as the
unit of analysis and applied a negative binomial model to determine the effect of land use
and other factors on pedestrians and different types of crashes (Kim et al., 2006). Chen
and Zhou evaluated the pedestrian crash frequency versus risk for various roadway
environmental factors, including land use. They have applied the Bayesian hierarchical
intrinsic conditional autoregressive model to study the relationships. They used the traffic
analysis zones (TAZs) as the unit of the study (Chen & Zhou, 2016). Din et al. (2017)
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applied the Multiple Additive Poisson Regression Trees (MAPRT) method to study the
relative importance of different land-use attributes of TAZs and their non-linear
relationship with pedestrian crashes (Ding et al., 2018). A study by Pulugurtha et al.
developed Negative binomial count models (with log-link) and found that different
residential land use, office districts, and business play an important role in estimating
crashes. Similar to the previous studies, the author of this study also used the TAZs as the
analysis unit (Pulugurtha et al., 2013).
4.3.3

Application of Machine Learning on Classifying Crash and Non-Crash Scenarios

The application of machine learning techniques is becoming increasingly popular
because of its capability to handle a variety of types of data and data with missing values
or outliers (Mafi et al., 2018). Among the different applications of machine learning
techniques for analyzing motor vehicle crashes, the most popular analysis is to
study/classify pedestrian crash severity levels (Ahmadi et al., 2020; Iranitalab & Khattak,
2017; Jamal et al., 2021; Wen et al., 2021; Zhang et al., 2018). Pedestrian crash severity
classification is also a popular application of different machine learning techniques (Guo
et al., 2021; Komol et al., 2021; Mokhtarimousavi, 2019; Toran Pour et al., 2017).
Rahman et al. conducted an evaluation of different machine learning models to
analyze macro-level pedestrian crashes. They developed decision tree regression (DTR)
models using a broad category of variables such as roadway characteristics, sociodemographics, and traffic. The study also applied different ensemble techniques (random
forest, gradient boost, and bagging). Study results indicated that ensemble techniques
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outperformed the DTR models (Rahman et al., 2019). Komol et al. applied different
machine learning techniques for modeling crash severity levels of vulnerable road users,
including pedestrians. K-nearest neighbors (KNN), Random Forest (R.F.), and Support
Vector Machine (SVM) models were developed using 17 different types of variables.
From the comparison of different models, R.F. appeared to be the most robust among
others (Komol et al., 2021). A study was conducted in Greece to compare and validate
different machine learning and deep learning models for predicting real-time crashes
using real-time traffic and weather data. This study computed different performance
metrics for seven different artificial intelligence techniques. Among the various models,
the deep learning models outperformed the other machine learning models (Theofilatos et
al., 2019).
4.4 Method

This section describes the methods used in this study, starting from selecting case
and control sites, processing the various types of data, preparing descriptive statistics on
variables, and preparing different machine learning models and model evaluation data.
4.4.1

Case and Control (Crash and Non-crash) Site Selection

The initial step in this study involved choosing sites for data collection
representing both case and control scenarios. The "case" sites are locations with a history
of pedestrian crash events occurring in the last five years. The "control" sites have similar
roadway characteristics and traffic operations yet with no crash history in the last five
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years. While designing this study, it was crucial to ensure that the "control" sites came
from the same population as the "case" sites to reduce the sensitivity to bias. In this task,
the researchers grouped the segments in the Roadway Inventory Management System
(RIMS) into 40 groups based on the roadway characteristics: total number of lanes, route
type, urban/rural, and AADT. The intent of the grouping was to keep as much
homogeneity in cases as possible. Note that both cases and controls must have a sample
size that would yield a statistically significant result.
In this analysis, researchers used pedestrian crashes occurring in midblock
sections with all injury outcomes (no injury, injury, and fatality). Midblock crashes were
identified using two crash variables provided in the crash database: junction type and
traffic control type. To identify crashes occurring only on midblock sections, intersection
junction types identified as five or more point intersections, 4-way intersections, railway
grade crossings, T-intersections, traffic circles, and Y-intersections were removed from
consideration. Thus, junction types, including non-junction, crossovers, driveways,
shared-use paths or trails, and anything mentioned unknown remained in the analysis.
Further, any of the remaining crash sites have a traffic control type of stop and go light,
flashing traffic signal, railroad (crossbucks, lights, and gates), railroad (crossbucks and
lights), or crossbucks only, were also removed from the analysis. The remaining
pedestrian crash sites involved pedestrians crossing at midblock sections without traffic
control.
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Once the case sites were established, matched control sites had to be chosen. The
RIMS link network was used at the base network for the analysis. The following steps
were used to define control sites that had not experienced crashes in the preceding 5-year
period (Figures 4-1 to -4-5 provide a graphical depiction of the steps).
1. For the urban multilane pedestrian crash analysis, identify all urban multilane
road segments within a 10-mile buffer of a crash site. This provides a
proximate set of similar roadway segments from which to choose the casecontrol site.

Figure 4-1 Control Site Selection Step 1

2. Create network segmentations at 0.25-mile lengths for the urban multilane
routes within the 10-mile buffer. This creates a consistent length for analysis.

125

Figure 4-2. Control Site Selection Step 2

3. For all crashes contained within the 10-mile buffer, create a 0.25-mile radius
buffer around the crashes and select all links that intersect the buffer.
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Figure 4-3. Control Site Selection Step 3
4. Remove all links that intersected with the 0.25-mile radius crash buffer. This
precludes a link associated with any crash from being selected as a potential
control site.
5. The next step is to remove all segments adjacent to the operational areas of
intersections. The geometric dimensions of each intersection, obtained from
RIMS data, enabled the research team to identify the curb line limits of each
intersection ("A buffer"). The HSM states that all crashes that occur within the
curb line limits of an intersection ("A buffer") should be considered
intersection-related (Highway Safety Manual - 1st Edition - 2010, 2010, pp.
10–8). A study by Rajabi, M. has a detailed description of creating the "A
Buffer" ((Rajabi, 2017). After making the "A buffers" around all the
intersections in the 10-mile study section, segments intersecting with the "A
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buffer" were removed. This ensured that all segments were truly midblock
non-crash segments.
6. For all remaining midblock non-crash segments with a length of at least 0.25mile, researchers created a point at the midpoint of the segment.

Figure 4-4. Control Site Selection Steps 4, 5, and 6

7. Number each midpoint associated with the remaining midblock non-crash
segments 1-N. Use a random number generator to select one number between
1 and N, with N being the total number of potential control sites. The selected
midpoint becomes the control site location.
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Figure 4-5. Control Site Selection Step 7
Figure 4-6 and Figure 4-7 provide the statewide distribution of case and control
sites for both the urban multilane and rural two-lane scenarios. The urban sites are
clustered in the state's urban areas, but the rural crashes are randomly distributed
throughout the state.

Figure 4-6 Map of urban multilane case (crash) and control (non-crash) sites
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Figure 4-7 Map of rural two-lane case (crash) and control (non-crash) sites

Table 4-1 shows the sample size and network characteristics for the two scenarios
in which machine learning models were run.
Table 4-1 Urban and Rural Model Details
Model type

Urban

Rural

Total
number of
lanes
4,6

2

Route type

AADT range

US and SC
route

20,000-49,999

US, SC and
secondary
route

1000-7499
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Number of sites

Crash site : 516
Non crash site:
516
Crash site : 373
Non crash site:
373

After selecting the case and control pairs, attribute data, including business
development, social vulnerability index, and sprawl index, were associated with the crash
and non-crash sites. The data sources are described briefly in the following sections.
4.4.2

Proximity to intersecions and signalized intersections for the crash and non-crash
sites

For each of the case and control sites, the author calculated the number of
intersections and signalized intersection with in 0.25 mile buffer radius. The process
started with selecting the urban functional class of roadways. Following to that the author
created 0.25 mile buffers around each of the case and control sites. The intersections and
signals that are related to the urban roadways are overlayed. Finally the author calculated
the total number of intersections and signalized intersections around each of the buffers
(Error! Reference source not found.).
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Intersection
Signalized
Intersection

Figure 4-8 Intersections and signalized intersection proximity to a crash sites

4.4.3

Business distribution for the crash and non-crash sites

For each case and control site, researchers collected the business data for a walking
buffer size of 0.5-miles. The business (land-use) information was collected using the
ArcGIS Business analyst extension for ArcGIS Pro (ESRI, 2022). Business analysts
summarized the businesses around a point of interest (case or control site) based on the
North American Industry Classification System (NAICS) (NAICS Association, 2017).
Figure 4-9 the 0.25-mile, 0.5-miles, and 1-mile walking distance buffer created for a site.
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Figure 4-9 Walking distance buffer for crash/non-crash sites
The process for collecting business data for the crash/case sites are given below:
1. Select the case or control site that will be studied
2. Create buffer(s) around the sites for 0.25-mile and 0.5-mile, and 1-mile walking
distances using the "Generate Drive Time Trade Areas' tool
3. After buffering, the 'Summary Reports' tool was used to generate the 'Business
Summary' for each walking distance buffer around the sites.
4. The business report format extracted from the ArcGIS pro was not readily usable
for analysis; therefore, the collected data needed to be formatted to match the
crash database style using a code developed in python.
4.4.4

Centers for Disease Control Social Vulnerability Index

The Social Vulnerability Index (SVI) was originally developed to aid emergency
planners in quickly identifying communities that might be in danger during a hazardous
event enable proper levels of resource deployment support before, during, and after
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events (CDC SVI Documentation 2018 | Place and Health | ATSDR, 2022). According to
CDC documentation, "SVI indicates the relative vulnerability of every U.S. Census tract.
Census tracts are subdivisions of counties for which the Census collects statistical data.
SVI ranks the tracts on 15 social factors, including unemployment, minority status, and
disability, and further groups them into four related themes. Thus, each tract receives a
ranking for each Census variable and for each of the four themes, as well as an overall
ranking." For this research, the author used the SVI data for the year 2018 census tracts.
A shapefile containing SVI data was spatially joined with the crash and non-crash sites in
ArcGIS Pro to append the SVI data for each crash and non-crash location. The four
themes and attributes under each of the themes are Socioeconomic Status- percentage of
persons below poverty, unemployment rate estimate, Per capita income estimate,
percentage of persons with no high school diploma (age 25+) estimate. Household
Composition & Disability - the percentage of the civilian noninstitutionalized population
with a disability estimate, percentage of single-parent households with children under 18
estimate, percentage of people with age 65 or older, and percentage of people with age 17
or younger. Minority Status & Language - percentage minority (all persons except white,
non- Hispanic) estimate and percentage of persons (age 5+) who speak English "less than
well" estimate. Housing Type & Transportation- the percentage of housing in structures
with ten or more units estimate, percentage of mobile homes estimate, percentage of
occupied housing units with more people than rooms estimate, percentage of households
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with no vehicle available estimate, and percentage of persons in institutionalized group
quarters estimate.
4.4.5

Sprawl Index

Smart Growth America (SGA) and U.S. Environmental Protection Agency (EPA)
sponsored the development of the sprawl indices in the year 2000 (Ewing et al., 2003).
Numerous studies have analyzed the impact of sprawl over the years. National Cancer
Institute, the Brookings Institution, and Smart Growth America created an updated
version of the index for the year 2010. The Urban Sprawl Index determines the
compactness or spread of the transportation network and associated development (Ewing,
2010). Sprawl data is available only for metro area locations. For this analysis,
researchers applied aspatial join in ArcGIS to match urban case and control sites to
census tracts in South Carolina and obtain the related sprawl index. The higher the value
of sprawl indices means more sprawl and compactness of urban development.
4.4.6

Roadway Inventory Management Systems (RIMS)

RIMS is a geospatial database containing all the aspects of SCDOT's roadway
inventory. For example, RIMS contains data for route type, number of lanes, AADT,
functional class, median presence, etc. Crash and non-crash sites overlays on the RIMS
linear network in the GIS allow RIMS attributes to be selected and joined with the crash
data. For all geolocated crashes, RIMS queries provided attributes including route type,
route division, median type, the total number of lanes, functional class, and land use type,
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which were critical pieces of information about the physical characteristics of the roads
for the crash and non-crash sites.
4.4.7

Machine Learning Model Development

Using three different machine learning algorithms including Decision Tree (DT),
Random Forest (RF), and K-Nearest Neighbor (KNN), the author developed
classification models to discern any salient differences between case and control sites for
both urban and rural scenarios.
The classification models were developed based on the midblock pedestrian crashes
(cases) for 2014-2018 and the associated control sites. Five distinct sets of variables
(training features) were added to them: Roadway Management Inventory Systems
(RIMS) data, ESRI business data, Social Vulnerability Index (SVI) data, Sprawl index,
and census data. The target feature, a binary class target feature (1= case (crash), 0=
control (non-crash)) was added to enable classification. While most machine learning
models can not handle missing data, input values of ‘99999’ indicate missing data and
do not change model performance. Variables included both categorical and continuous
variables. Before running models, Pearson's correlation coefficient was calculated to
check the correlation between each and every feature used in the modeling. The
correlation coefficient is calculated using the covariance of the two variables divided by
the product of the standard deviation of the variables (Brownlee, 2018).
Pearson's correlation coefficient =

covariance(X,Y)
(stdv(X) ∗ stdv(Y))
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The coefficient generates a value between -1 to 1. When the value is 0, it means there is
no correlation between the two variables. The correlation coefficient was primarily
applied for RIMS data, and only RIMS variables that are not highly correlated with each
other were used. All categorical variables in the data were transformed with a label
encoder (OneHotEncoder) using a python API. Using combinations of the different
variable groups, the author developed four types of models using three different machine
learning algorithms. Table 4-2 presents the roadway characteristics for selected urban and
rural scenarios to classify case and control sites.
Table 4-2 Machine Learning Model Details
Scenario

Model

Training Features

Number
of
training
features

Training
feature type

Target
Features

Type 1

RIMS data

51

Continuous
and
categorical

Crash (1) or
non-crash
(0)

Type 2

Business data

41

Continuous

Crash (1) or
non-crash
(0)

Type 3

Social Vulnerability
Index (SVI) and
sprawl index

20

Continuous

Crash (1) or
non-crash
(0)

Type 4

RIMS data, Business
data,

111

Continuous
and
categorical

Crash (1) or
non-crash
(0)

Urban

Social Vulnerability
Index (SVI) and
sprawl index
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Scenario

Model

Training Features

Number
of
training
features

Training
feature type

Target
Features

Type 1

RIMS data

71

Continuous
and
categorical

Crash (1) or
non-crash
(0)

Type 2

Business data

41

Continuous

Crash (1) or
non-crash
(0)

Type 3

Social Vulnerability
Index (SVI) and
sprawl index

20

Continuous

Crash (1) or

Rural

non-crash
(0)

Type 4

RIMS data, Business
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Continuous

Crash (1) or

data,

and

non-crash

Social Vulnerability

categorical

(0)

Index (SVI) and
sprawl index

4.4.8

Classification Approaches used for Analysis

In this study, three supervised machine learning algorithms were used for classifying
cases and controls including Decision Tree, Random Forest, and KNN classifier. The
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author chose tree based supervised learning algorithms because they have high accuracy,
stability, and easy interpretability (“Tree-Based Algorithms | Implementation In Python
& R,” 2016), and KNN was chosen because of its simplicity versatility (Harrison, 2019)
The decision tree is one of the most popular supervised learning algorithms used
for classification problems. It uses a set of rules to make decisions (Bento, 2021).
Decision trees consist of two types of nodes, decision nodes and leaf nodes. Decision
trees can handle both categorical and continuous variables. After evaluating all the nodes,
it starts with a root node that splits the data. The algorithm keeps splitting nodes until it
reaches the threshold. (Goh & Ubeynarayana, 2017). One of the disadvantages of the
decision tree is overfitting features (z_ai, 2021).
A random forest is an ensemble of trees. Trees are generated using an arbitrary
number of samples from the input features. Each of these trees can vote for the most
popular class to classify an input feature (Breiman, 2001). As mentioned earlier, a
random forest is made of several trees. These trees are not correlated to each other. One
of the advantages of random forest is its robustness to overfitting (Elyassami et al., 2020).
K nearest neighbor is one of the simplest classification algorithms. It classifies
data based on the class of its nearest neighbors. The neighbor distances are measured
using Euclidean, Manhattan, Minkowski, and Hamming distances (Suganya, E.&
Vijayarani, S. 2017).
The entire data set was divided into sets for training (70%) and testing (30%)
before running the algorithms. One of the critical steps for any machine learning model is
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hyperparameter tuning. The author used a grid search cross-validation method to get the
parameters that would yield the best performance. For the random forest model,
maximum depth and number of estimators were found from the grid-search crossvalidation method. Similarly, for the decision tree models, a number of components,
criteria (Gini or entropy), and the number of nearest neighbors were chosen using a trial
and error method.
Finally, all the models were evaluated for different performance measures. The
performance measures used for assessing the models follow:
Precision- the precision value is calculated by developing a ratio of true positives (TP) to
the sum of the true positive (TP) and false positive(FP) cases.
𝑇𝑃

Precision = 𝑇𝑃+𝐹𝑃
Recall- Recall is the ability of a classifier to find positive instances. This value is
calculated as a ratio of true positives to the sum of true positives and false negatives.

Recall =

𝑇𝑃
𝑇𝑃+𝐹𝑁

F1 Score- The F1 score is a weighted harmonic mean of precision and recall. The best
score for F1 is one, and the worst score is zero.
𝑅𝑒𝑐𝑎𝑙𝑙∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

F1 Score = 2* 𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
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Accuracy: The accuracy score is computed as a ratio of the sum of the true positive and
true negative to the sum of true positive, false positive, false negative, and true negative
cases.
Accuracy =

𝑇𝑃+𝑇𝑁
𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁

Receiver Operating Characteristic (ROC) method is also one of the widely
accepted methods for measuring the performance of machine learning models. ROC
curves are plotted with sensitivity (true positive rate) on the vertical axis against the false
positive rate (1-specificity) on the horizontal axis. The final performance measure used
for the analysis is the area under the ROC (AUC score). Generally, a higher AUC
indicates better classification.
4.5 Results

This section of the paper summarizes findings into three major parts 1) descriptive
statistics associated with various characteristics of case and control sites, 2) results and
analysis from the urban case and control classification models, and 3) results and
analysis from the rural case and control classification models
4.5.1

Case and Control Descriptive Statistics

This section provides some basic descriptive statistics showing differences
between the case and control sites for the RIMS data, business characteristics, social
vulnerability index, and sprawl index.
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4.5.1.1 RIMS Characteristics
Two key features in the RIMS data provided some general insights between case
and control sites - median and left outside shoulder width. Higher median widths were
associated with control sites. A significance test indicated that the mean median width
was significantly lower at case (crash) sites. The distribution of left outside shoulder
widths indicated the presence of larger shoulder widths for control (non-crash) sites, and
was found to be significant. In addition to the median width and shoulder width, the
author looked at sidewalk presence for the crash and non-crash sites. Roughly half (51%)
of the case (crash) sites have sidewalks compared with and 68% of the control (noncrash) sites.
4.5.1.2 Proximity to intersections ans signalized intersections
The author conducted a proximity analysis of intersections and signalized
intersections for urban case and control sites. 58% of the crash sites do not have any
singalzed intersections within 0.25 miles crash buffer and 56% of the non-crash sites do
not have any singalied intersection with in non-crash buffers. 40% of the crash sites do
not have any intersections within the 0.25 mile buffers and 35% non-crash sites do not
have intersections with in the non-crash buffer.
4.5.1.3 Business Characteristics
Overall, case sites have significantly larger numbers of businesses with a 0.25mile radius than the control sites. Figure 4-10 shows the frequency distribution by
142

business type for cases and controls in urban areas, and Figure 4-11 shows the same for
rural areas. The presence of retail trade, finance, insurance offices, real estate/rental
leasing services, professional technology services, health care and social assistance
services, accommodation and food services, food services, and alcohol establishments
and other services (except business administrations) were prevalent for both cases and
controls. The author conducted a chi-square test to determine if a significant (95 percent
confidence level) association exists between case and control business distributions. The
author found a significant association between them.
In the rural scenario, the distribution of business for cases and controls indicated
retail trade, finance, and insurance services, real estate/rental leasing services,
professional technology services, health care, and social assistance services,
accommodation and food services, food services, and alcohol establishments, other
services except for public business administrations, and public administration were found
to be the dominant business types. The chi-square test proved a significant association
between business distributions for case and control sites in rural areas.
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4.5.1.4 Social Vulnerability Index and Sprawl Index Distribution
Following the analysis of business distribution for the crash and non-crash sites,
an evaluation of the factors associated with the social vulnerability index (SVI) and the
sprawl index was conducted for urban and rural locations. Figure 4-12 and Figure 4-13
show the distribution of the indices for two themes within the SVI - socioeconomic
vulnerability (RPL 1) and housing type/transportation (RPL 4) for urban crash non-crash
locations. The index distribution for the socio-economic vulnerability shows that there is
a flip in the pattern between crash and non-crash sites with an increase in the
vulnerability index. Non-crash sites represented more at vulnerability indexes from 0-0.6,
and crash sites at vulnerability index values from 0.6-1. A chi-square test proves a
significant difference between the index for socioeconomic vulnerability for case and
control sites, which is significantly higher for case (crash) sites.
RPL 1: Index for socioeconomic vulnerability (Urban)
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Figure 4-12 RPL1: Index for socioeconomic vulnerability (Urban)

RPL 4: Index for Housing Type/Transportation (Urban)
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Figure 4-13 RPL 4: Index for Housing Type/Transportation (Urban)
Figure 4-14 shows the distribution of sprawl index for cases and controls.
According to Smart Growth America, “Quality of life factors improve as Sprawl Index
scores rise. Individuals in compact, connected metro areas have greater economic
mobility. Individuals in these areas spend less on the combined cost of housing and
transportation and have greater options for the type of transportation to take. In addition,
individuals in compact, connected metro areas tend to live longer, safer, healthier lives
than their peers in metro areas with sprawl. Obesity is less prevalent in compact counties,
and fatal car crashes are less common” (Ewing et al., 2003). That messaging is not as
clear cut for urban pedestrian crashes in South Carolina. Crashes are more prevalent at
moderately high sprawl index values of 90-100. This range is indicative of high mobility
routes leading into urban areas. It is evident that crash locations have higher sprawl
index values than non-crash locations, and a paired T-test proves crash locations have
significantly higher sprawl index than non-crash sites. The author also conducted a chi147

square test and found a significant association between the sprawl index and case and
control sites.
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Figure 4-14 Sprawl Index (Urban)

For the rural scenario, a key component of social vulnerability is the housing
type/transportation index (see Figure 4-15 for the distribution between cases and
controls). Like the urban crash locations, the rural crash locations also have higher index
values than the non-crash sites. The chi-square test reveals a strong association between
the index and sites type.
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RPL 4: Index for Housing Type/Transportation (Rural)
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Figure 4-15 RPL 4: Index for Housing Type/Transportation (Rural)
Figure 4-16 shows the distribution of sprawl index for the rural cases and
controls. The sprawl values for rural sites are predominantly in the lowest range. A chisquare test revealed there is no significant association between sprawl case and control
sites - this is expected as sprawl is more of an urban characteristicscs than rural.
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Rural: Sprawl Index
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Figure 4-16 Rural: Sprawl Index

4.5.2

Urban Model for Crash Non-crash Classification

This section describes the results of the urban classification model development.
The performance of the models were based on accuracy, precision, sensitivity, F1 test,
receiver operating curve (ROC), and area under the ROC curve (AUC) scores as
described in the methods. Results for the 12 classification models (4 model types x 3
classification algorithms) are presented in Table 4-3.
The model types varied based on the independent features and included: Type 1
(RIMS ), Type 2 (business data), Type 3 (SVI and Sprawl indices), and Type 4
(Combination of all data). The target features in all models were case = 1 and control = 0.
Thus the models are trying classify crash sites vs non-crash sites. Overall, the
performance metric of area under curve (AUC) was used to determine the best
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performing model. The Type 4 Urban Random Forest (RF) model had the highest AUC
(0.855). The Type 4 model is the one developed with a combination of RIMS, business,
SVI, and Sprawl index features. In general, the random forest model algorithm performed
best overall for all model types.
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Table 4-3 Crash Non-crash Classification Performance Measure (Urban)
Type 1: An urban model for pedestrian crashes/non-crash at midblock with RIMS (total
sample: 1032)
Perormane Measures
Decision Tree
Random Forest
KNN
0.6452
0.6645
Accuracy
0.6194
Precision
0
1
All class(avg)
All class (weighted avg)
Sensitivity
0
1
All class(avg)
All class (weighted avg)

0.65
0.64
0.65
0.65

0.67
0.66
0.66
0.66

0.61
0.63
0.62
0.62

0.63
0.66
0.65
0.65

0.64
0.69
0.66
0.66

0.66
0.58
0.62
0.62

F1 Score

0.64
0.66
0.63
0.65
0.67
0.60
0.65
0.66
0.62
0.65
0.66
0.62
AUC
0.655
0.713
0.622
Type 2: An urban model for pedestrian crashes/non crash at midblock with Business data (total
sample: 1032)
Decision Tree
Random Forest
KNN
0.6935
0.7774
Accuracy
0.6387
0
1
All class(avg)
All class (weighted avg)

Precision
0
1
All class(avg)
All class (weighted avg)
Sensitivity
0
1
All class(avg)
All class (weighted avg

0.67
0.73
0.70
0.70

0.74
0.83
0.78
0.78

0.63
0.65
0.64
0.64

0.77
0.62
0.69
0.69

0.86
0.70
0.78
0.78

0.67
0.61
0.64
0.64

0.71
0.67

0.79
0.76

0.65
0.63

F1 Score
0
1
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All class(avg)
All class (weighted avg

0.69
0.78
0.64
0.69
0.78
0.64
AUC
0.706
0.821
0.716
Type 3: An urban model for pedestrian crashes/non crash at midblock with SVI and Sprawl
Index (total sample: 1032)
Decision Tree
Random Forest
KNN
0.70
0.70
Accuracy
0.6516
Precision
0
1
All class(avg)
All class (weighted avg)
Sensitivity
0
1
All class(avg)
All class (weighted avg)

0.69
0.71
0.70
0.70

0.69
0.71
0.70
0.70

0.62
0.72
0.67
0.67

0.73
0.67
0.70
0.70

0.72
0.67
0.70
0.70

0.81
0.50
0.65
0.65

F1 Score

0.71
0.70
0.70
0.69
0.69
0.59
0.70
0.70
0.64
0.70
0.70
0.64
AUC
0.729
0.779
0.724
Type 4: Urban model for pedestrian crashes/non crash at midblock with RIMS, Business and
SVI and Sprawl Index (total sample: 1032)
Decision Tree
Random Forest
KNN
0.6355
0.7774
Accuracy
0.6516
0
1
All class(avg)
All class (weighted avg)

Precision
0
1
All class(avg)
All class (weighted avg)
Sensitivity
0
1
All class(avg)
All class (weighted avg
F1 Score
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0.62
0.66
0.64
0.64

0.73
0.84
0.79
0.79

0.63
0.69
0.66
0.66

0.72
0.55
0.64
0.64

0.87
0.68
0.78
0.78

0.74
0.56
0.65
0.65

0
1
All class(avg)
All class (weighted avg

0.66
0.60
0.63
0.63
0.722

AUC

0.80
0.75
0.78
0.78
0.8553

The Type 2 models using the business data as the training features provided the
next best model form. It is clear that the businesses surrounding a site certainly play a
crucial role in crash occurrence.

154

0.68
0.62
0.65
0.65
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A) Type 1 (RIMS)

B) Type 2 (Business Data)

C) Type 3 (SVI and Sprawl)

D) Type 4 (Combination of All Data)

Figure 4-17 ROC Curves for 12 Urban Classification Models
(4 Data Types by 3 Classification Algorithms)
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Figure 4-17 shows the ROC curves for all 12 classification models developed
with different features. Looking at all of the ROC curves, it is evident that the random
forest models are the most sensitive to changes in the data (noted by the vibrations in the
curve) as compared to the decision tree and KNN. The decision tree and KNN models are
far more coarse and do not perform as well. The AUC scores for the random forest
models are also higher than other machine learning techniques. Type 4 model, developed
with a combination of RIMS, business, SVI, and sprawl index, yielded the maximum
AUC score (0.855) for the random forest model.
This research also identified the features of importance for the tree-based models.
According to the scikit learn documentation, ‘Feature importances … are computed as
the mean and standard deviation of accumulation of the impurity decrease within each
tree.’(Feature Importances with a Forest of Trees, 2022). Unfortunately, KNN does not
support the library for feature importance; therefore, crucial features could only be
obtained for decision tree and random forest models. Figure 4-18 show the critical
features for models developed using RIMS features for random forest and decision trees.
The first five features identified for both machine learning techniques remain the same
and include: median width, the width of left outside shoulder, urban principal arterial
other types of functional class, and Charleston county. Non-crash sections have more
medians within the range of 25-50 feet than crash sites. For the shoulder width left
outside, the author found that non-crash sites have shoulder widths that are significantly
wider than that of crash sites. The feature attribute of urban-principal arterial other is the
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third most important feature for classification, and roughly 80% of crashes and 67% of
non-crash sites occurred on urban-principal arterial other functional classes. Other factors
such as Charleston county and Lexington county were also identified. Out of 46 total
South Carolina counties, 14% of the case and control sites are situated in Charleston
county. Respectively, 4% case and 8% control sites are situated in Lexington county. A
chi-square test indicated a significant association between case-control sites and the
county where it is located.
Figure 4-19 shows feature importance for models developed with business data.
Both classification algorithms identified the same features as the two best for
classification: total residential population and retail trade. Descriptive statistics of the
total residential population indicate that crash location have a significantly higher
residential population than non-crash locations. It is expected to be one of the key
features for crash no-crash classification. Similarly, the retail trade also has a significant
association with case and control sites, with crash sites have a significantly higher
number of retail trade than non-crash sites. Other typical businesses identified by both
algorithms are health care and social assistance services, unclassified establishments,
construction services, food services and drinking places, and transportation warehousing.

157

Type 1 Random Forest
0.4
0.35
0.3
0.25
0.2
0.15
0.1
0.05
0

A)
Type 1 Decision Tree
0.4
0.35
0.3
0.25
0.2
0.15
0.1
0.05
0

B)
Figure 4-18 Type 1 RIMS Data Feature Importance
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Figure 4-19: Type 2 Business Data Feature Importance
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Figure 4-20 shows the features of importance for the models developed using the
social vulnerability index and sprawl index. The random forest algorithm identified the
percentage of persons with no high school diploma as the first key feature. The chisquare test does reveal a significant association between crash/non-crash occurrences and
the percentage of persons with no high school diploma. The decision tree algorithm
identified percentile ranking for socio-economic theme summary/RPL 1 as the first key
feature. The descriptive statistics revealed a significant association between the RPLtheme 1 and crash/non-crash occurrence. Both algorithms have selected the
unemployment rate estimate; the average mean value (6.73) for the unemployment rate
for crash locations is significantly higher than the non-crash mean of the unemployment
rate (5.55). The percentage of households with no vehicles available has been identified
by both algorithms; thus,having no vehicles compel people to walk to their various
destinations and makes them vulnerable to crashes. Sprawl indicates the compactness of
urbanization, and for South Carolina, higher sprawl increases the probability of
collisions. The distribution of the sprawl index for the crash/non-crash section is
presented in the previous section and the biggest difference was associated with
moderately high values. The values are common on mobility route approaching the city
center.
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Figure 4-20 Type 3 SVI and Sprawl Feature Importance
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Figure 4-21 present the key features identified by the machine learning
algorithms. These are the models developed with a combination of features: RIMS,
business data, SVI, sprawl index and proximity to intersection and signals. The social
vulnerability indices dominated the key features for these models. Sevem of the eight top
features are the SVI features as shown in Figure 4-21A. These features are
unemployment rate estimate, percentage of persons with no high school diploma,
percentage of occupied housing units with more people than the rooms estimated,
percentage of persons below poverty estimate, percentile ranking for the socio-economic
theme, per capita income estimate and percentage of single parent households with
children under 18. This finding was unexpected, as the expected features of importance
were thought to be infrastructure features. The machine learning models have essentially
created an opportunity to identify patterns and importance of features beyond the built
environment and encompassing a more holistic and complex contextual portrait of what
separates crash sites from non-crash sites.
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Figure 4-21 Type 4 Combine Feature Importance

4.5.3

Partial Dependence Plots for Random Forest Model for Cases (Crash Sites)
Acoding to the sckit documentation “Partial dependence plots (PDP) show the

dependence between the target response and a set of input features of interest,
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marginalizing over the values of all other input features (the ‘complement’ features).
Intuitively, we can interpret the partial dependence as the expected target response as a
function of the input features of interest.’’
In this paper, the author generated the partial dependence plots for the following
features that were identified as the crutial features for classifying case and control sites.
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Figure 4-22: Partial Dependence Plots form Case-Control Classification Model Type 4
(Random Forest)

From the partial plots it is evident that unemployment rate estimate, percentage of
persons with no high school diploma, percentage of occupied housing units with more
people than the rooms estimated, percentile ranking for the socio-economic theme,
median width, shoulder width and percentage of persons below poverty has significant
impact on the case sites (Figure 4-22). Note that, although not having intersections and
signals within a close proximality (0.25-miles) to the case and control sites were not
identified as the top key features for case-control classification, they have significant
impact on case sites.
4.5.4

Rural Model for Crash Non-crash Classification

The rural models are developed using the crash and non-crash points at US, SC,
and secondary routes; they are all on two-lane, two-way roads and have an AADT value
of 1000-7499. Unlike the urban models; the points for the rural model are sporadic and
are spread throughout the state. Therefore, none of the models developed yielded
satisfactory results. Table 4-4 shows the performance measure score for all models.
Among the four types of models developed with different training features (RIMS,
business, SVI and sprawl, and combination of the features), the KNN model developed
with a combination of the RIMS, business, SVI, and sprawl features performed the best
with an AUC score of 0.575. The performance of the other two machine learning
techniques, random forest, and decision tree, was almost the same.

165

Figure 4-23 shows the ROC curves for the rural models with different
combinations of features. Among all the twelve curves, the ROC curve for the model
developed with a combination of RIMS, business data, SVI, and sprawl index generates
the highest AUC score of 0.575, which indicates that adding the various types of
variables helped to increase the performance of the model which was also seen for urban
models. Due to the lackluster performance of the rural classification models, the feature
importance will not be presented.
Table 4-4 Crash Non-crash Classification Performance Measure (Urban)
Type 1:Rural model for pedestrian crashes/non crash at midblock with RIMS (total sample:
746)
Decision Tree
Random Forest
KNN
Accuracy
0.4509
0.4598
0.5
Precision
0.45
0.46
0.50
0
0.45
0.46
0.50
1
0.45
0.46
0.50
All class(avg)
All class (weighted avg)
0.45
0.46
0.50
Sensitivity
0.45
0.46
0.71
0
0.46
0.46
0.29
1
0.45
0.46
0.50
All class(avg)
All class (weighted avg)
0.45
0.46
0.50
F1 Score
0.45
0.46
0.59
0
0.45
0.46
0.36
1
0.45
0.46
0.48
All class(avg)
All class (weighted avg)
0.45
0.46
0.48
AUC
0.427
0.429
0.471
Type 2: Rural model for pedestrian crashes/non-crash at midblock with Business data (total
sample: 746)
Decision Tree
Random Forest
KNN
Accuracy
0.5
0.5089
0.5357
Precision
0
0.5
0.51
0.52
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1
0.5
0.52
0.60
All class(avg)
0.5
0.51
0.56
All class (weighted avg)
0.5
0.51
0.56
Sensitivity
0.68
0.73
0.86
0
0.32
0.29
0.21
1
0.50
0.51
0.54
All class(avg)
All class (weighted avg
0.50
0.51
0.54
F1 Score
0.58
0.61
0.65
0
0.39
0.37
0.32
1
0.48
0.48
0.48
All class(avg)
All class (weighted avg
0.48
0.48
0.48
AUC
0.586
0.508
0.504
Type 3: Rural model for pedestrian crashes/non-crash at midblock with SVI and Sprawl Index
(total sample: 746)
Decision Tree
Random Forest
KNN
Accuracy
0.4464
0.4866
0.5179
Precision
0.44
0.48
0.52
0
0.45
0.49
0.52
1
0.45
0.49
0.52
All class(avg)
All class (weighted avg)
0.45
0.49
0.52
Sensitivity
0.43
0.43
0.61
0
0.46
0.54
0.43
1
0.45
0.49
0.52
All class(avg)
All class (weighted avg)
0.45
0.49
0.52
F1 Score
0.44
0.45
0.56
0
0.46
0.51
0.47
1
0.45
0.48
0.51
All class(avg)
All class (weighted avg)
0.45
0.48
0.51
AUC
0.469
0.465
0.573
Type 4: Model for pedestrian crashes/non crash at midblock with RIMS, Business and SVI
and Sprawl Index (total sample: 746)
Decision Tree
Random Forest
KNN
Accuracy
0.4821
0.4866
0.4911
Precision
0.49
0.49
0.49
0
1
0.47
0.49
0.49
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All class(avg)
All class (weighted avg)
Sensitivity
0
1
All class(avg)
All class (weighted avg
F1 Score
0
1
All class(avg)
All class (weighted avg
AUC

0.48
0.48

0.49
0.49

0.49
0.49

0.63
0.33
0.48
0.48

0.46
0.51
0.49
0.49

0.62
0.37
0.49
0.49

0.55
0.39
0.47
0.47
0.492

0.47
0.50
0.49
0.49
0.486

0.55
0.42
0.48
0.48
0.575

B) Type 2 (Business Data)

A) Type 1 (RIMS)
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C) Type 3 (SVI and Sprawl)

D) Type 4 (Combination of All Data)

Figure 4-23 ROC Curves for 12 Rural Classification Models
(4 Data Types by 3 Classification Algorithms)

4.6 Conclusions

In summary, the study on the crash and non-crash sites at midblock locations
provided much insight into the predominant types of characteristics of the crash and noncrash sites and the factors that played key roles in differentiating crash and non-crash
locations. The author conducted the crash/non-crash site analysis for an urban and a rural
location. Where the urban crash/non-crash sites have clustered in the major urban
locations, the rural crash/non-crash sites were more sporadic and evenly spread
throughout the state. Therefore, the urban crash/non-crash models yielded more accuracy
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than the rural models. The conclusions of this paper are broken into the following major
sections
1) Findings from case and control descriptive statistics
2) Findings from urban model for crash non-crash classification
3) Findings from the partial dependence plots for random forest model for cases
(urban crash sites)
4) Findings from the rural model for crash non-crash classification
4.6.1
•

Findings from case and control descriptive statistics: Urban locations

The author looked at a couple of essential RIMS features. A significance test
indicated that the mean median width was significantly lower at case (crash) sites.
The distribution of left outside shoulder widths indicated the presence of larger
shoulder widths for control (non-crash) sites, and was found to be significant.

•

The author looked at the business distribution for crash vs. non-crash sites for
urban roadways. They found retail trade, other services except for public
administration, and professional and scientific tech services as the key types of
businesses. The author found a significant association between businesses
distribution and crash/non-crash association from a chi-square test.

•

A chi-square test revealed that both retail trade and other services except public
administration have a significant association between crash/non-crash. A paired
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T-test revealed that crash locations have significantly higher mean values than
non-crash locations for both of these business types.
•

The author studied the business distribution for crash/non-crash sites on rural
roadways. They found retail trade, other services except for public administration,
and professional and scientific tech services as the key types of businesses. The
author found a significant association between all types of businesses and
crash/non-crash sites from a chi-square test.

•

Findings from the analysis of the SVI attributes reveal that non-crash sites
represented more at vulnerability indexes from 0-0.6, and crash sites at
vulnerability index values from 0.6-1. A chi-square test proves a significant
difference between the index for socioeconomic vulnerability for case and control
sites, which is significantly higher for case (crash) sites.

•

The distribution of sprawl index for crash Vs. non-crash indicates a higher sprawl
for crash locations than non-crash locations. Also, a paired T-test proved a
presence of a significantly higher means for crash sites than non-crash sites.

•

The author looked at the distribution for housing type/transportation index (RPL4)
for rural locations and noticed non-crash sites are predominantly in locations with
an RPL4 of 0.6 and less, and crash locations are situated with RPL4 0.6 or more.
The author found that there is a significant association between the RPL4 index
and crash/nom-crash occurrence. This RPL4 index is created using a combination
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of features that are associated with living in crowded quarters, living in mobile
homes, having no household vehicle, etc.
•

For the rural sprawl indices, the author could not find any significant association
between sprawl and crash/non-crash sites.

4.6.2

Findings from urban model for crash non-crash classification
•

The Type 4 Urban Random Forest (RF) model had the highest AUC (0.845).
The Type 4 model is the one developed with a combination of RIMS, business,
SVI, and Sprawl index features. In general, the random forest model algorithm
performed best overall for all model types.

•

The Type 2 models using the business data as the training features provided the
next best model form. It is clear that the businesses surrounding a site certainly
play a crucial role in crash occurrence.

•

From ROC curves, it is evident that the random forest models are the most
sensitive to changes in the data (noted by the vibrations in the curve) as
compared to the decision tree and KNN.

4.6.3

Findings from urban model for crash non-crash classification

In this study, the author developed crash/non-crash classification models using three
different machine learning algorithms utilizing different sets of training variables.
•

For the urban models developed with RIMS variables, random forest models
generate the highest AUC score (0.713) compared to the decision tree(0.655) and
172

KNN models (0.622). The author used various performance measures to compare
the models. However, AUC is more applicable to classification problems and has
the capability to evaluate model predictions using a probabilistic framework.
•

Random forest again outperformed other machine learning algorithms when the
models were developed using business data as training features. The RF model
yielded an AUC score of 0.821, whereas the decision tree model had an AUC
score of 0.706, and KNN had an AUC score of 0.716. This high level of accuracy
tells the strong association between businesses and crash/non-crash sites in urban
areas.

•

When the crash/non-crash classification models were developed using the Social
Vulnerability Index and Sprawl index, the AUC score generated by the random
forest, decision tree, and KNN were 0.779, 0.729, and 0.724, respectively,
meaning that the random forest had the best performance.

•

The final model was developed using RIMS data, business data, SVI, and sprawl
index data. Out of the 12 models generated using different machine learning
algorithms and different training features, the random forest model yielded the
highest AUC score (0.855). This result proves that data from different dimensions
helped classify the crash/non-crash locations more accurately than using those
sets of features separately.

•

From the analysis of the ROC curves for all three types of machine learning
models, it is evident that the Random Forest model is the model that responds to
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any change in the data more effectively. Random forest models are also more
robust to any data overfitting compared to other models.
•

The type 1 machine learning algorithm identified median width, shoulder width,
urban principal functional class, and Charleston county were the key features
when the model was developed using only RIMS variables. Note that 70% of the
crashes are crossing types of crash, and only 30 percent of the crashes are
walking. Therefore the median width being the first key feature for classifying
crash non-crash section makes sense.

•

The type 2 machine learning models that are developed with business data have
identified the total residential population and retail trade as the key identifying
features for crash-non-crash classification. Both total residential population and
retail trade have significantly higher mean for crash sites than non-crash sites.

•

Social vulnerability index, unemployment rate estimate, sprawl index, and
percentage of persons with no high school diploma were the key features for the
type 3 SVI and sprawl index models. The findings indicate the socio-economic
vulnerability of the population involved in crashes.

•

For the final type 4 model or the combination of features models, the parameters
associated with the SVI were identified as the critical features among all the
training features used. This is the finding that says a lot about our urban
roadways, how the urban roadways were built through the urban sections where
the people with socio-economic vulnerability live their lives.
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4.6.4

Findings from the partial dependence plots for random forest model for cases
(crash sites)

•

From the partial dependence plots it is evident that unemployment rate higher
than 9%, percent of people with no high school diploma greater than 13%,
percentage of occupied housing units with more people than rooms estimate
higher than 5%, RPL1-index (Index for Socio economic vulnerability) higher than
0.6, median width 0feet to 10 feet, not have any shoulders, not having any
intersection/signalized intersection within a close proximity to roadway location
significantly increases its the probablilty to be identified as a crash site.

4.6.5
•

Findings from Rural Machine Learning Models

Overall the performance of the rural models is not as satisfactory as the urban
models, the randomness of the data is assumed to be the reason behind that.

•

In rural models that are developed with RIMS features, the KNN model yielded
the highest AUC score (0.50) compared to the decision tree (0.45) and random
forest (0.46) models. Although random forest and decision tree models are more
sophisticated algorithms than KNN, there is no universal algorithm that can will
be the best for all data. KNN being the best algorithm for the rural data proves
this algorithm is better suited to the data.
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•

For the rural models developed with business features, the decision tree algorithm
generated the best AUC score (0.586) compared to the random forest (0.508) and
KNN(0.504). Also, among the 12 models generated, this is the best of all.

•

KNN algorithm performed the best when the rural models were developed using
SVI and sprawl index data.

•

For the models developed with the combination of the RIMS, business, SVI, and
sprawl features, KNN yielded the highest AUC score (0.575) than other
algorithms.

4.6.6

Research Contribution

The author's initial assumption was to have the roadways characteristics or
infrastructural deficiencies were the key reason behind all the pedestrian crashes.
However, when the author infused the technology with the data, she found how the socioeconomic disparity stood out among other features.
If this master data set consisting of data features including, roadway charectersitics,
business type associated to the roadway, social vulnerability index and sprawl index can
be made available to SCDOT, they will be able to utilize the findings from this study.
Using the partial depence plots, the personeel from SCDOT will be able to select
locations according to their priority and funding availability and make inprovment to the
sections to reduce pedestrian crases. The novelty of this study is the fact, it would help
practitioners select sites based on the vulenability of the population not merely on the
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infrastructural inadequacy. The author of this paper believe it will help to reduce the
overburden of the pedestrian crashes on the disadvantaged population of south Carolina.
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CHAPTER FIVE
5. CONCLUSIONS
The objectives of this research are to comprehend pedestrian crash characteristics,
understand the socio-economic characteristics of the pedestrians involved in the crashes,
identify the contributing factors that are making a difference between crash and non-crash
sites, and finally make recommendations on how to make the roadways in South Carolina
more equitable for the pedestrians.
Throughout this dissertation, the three papers have been built on each other.
Paper, I started to discern pedestrian crash characteristics. After the analysis of the crash
pattern, it was evident pedestrian crashes are more likely to occur at midblock locations
irrespective of the time of the day. According to this study, more than 50 percent of
crashes happen at night, and more than 80 percent of the nighttime crashes occur at
midblock locations. As pedestrian maneuver was studied to acquire a greater
understanding of the pedestrian crashes at night for midblock areas, it was found that
crossing crashes at night were primarily in urban locations, and the walking crashes can
be either urban or rural locations. When machine learning algorithms were applied to
classify the nighttime midblock walking vs. crossing crashes, having roadway features
such as a two-lane two-way road with low AADT and having no curb came out as the
crucial factors.
Paper, I ended with a thorough understanding of the pedestrian crashes. Now the
next questions to be answered are, who are these people killed? Where do they live? What
194

is their socio-economic status? To answer all of these questions, paper II was formulated.
The study found that 50% of pedestrians who are either killed or severely injured in crashes
are within 0.5 miles of their homes. Crashes occurring within a very short distance (< 0.5
miles) of one’s home show tendencies to be a lower income level, have the highest
percentage of the population in poverty, and have the highest percentage with only a high
school diploma. Also, these crashes occurring within a very short distance (< 0.5 miles) of
one’s home show tendencies to have a higher percentage of minority (all persons except
white, non- Hispanic) estimate and a percentage of persons (age 5+) who speak English
"less than well" estimate and living in densely populated quarters. All of these facts only
indicate how the population who are socio-economically vulnerable is overburdened with
pedestrian crashes.
Now that paper I studied the detailed pedestrian crash characteristics and paper II
identified the socio-economic characteristics of the population involved in pedestrian
crashes, the next question was where these pedestrians are going and what factors play a
role in differentiating a crash site from a non-crash site? The study results proved that
business distribution has a significant association with crash/non-crash sites. For urban
crash sites, the mean number of retail trade is significantly higher for crash sites than
non-crash sites. When machine learning algorithms were applied for classifying crash and
non-crash sites using a combination of roadway features, business information, social
vulnerability, and sprawl index, out of all attributes, the social vulnerability index came
out as the key feature for classifying crash vs. non-crash sites. While the author of this
195

dissertation had the initial belief that the inadequacy of roadway infrastructure plays a
key role in pedestrian crashes, it was utterly surprising that social vulnerability factors
came out as the dominant features in combination with the roadway infrastructure
inadequacy. Pedestrian crashes are not random, and they are not accidents. These crashes
are disproportionately affecting people with lower income levels, higher disability rates,
people who belong to a minority, elderly and overall people with less political resources
who can influence any decision in their favor.
Using the knowledge acquired from this dissertation, it can be concluded that the
urban multilane facilities with median width of fewer than 20 feet, left outside shoulder
width of fewer than five feet, percentile ranking for Socioeconomic index greater than
0.6, unemployment rate greater than 5% and Percentage of occupied housing units with
more people than rooms estimate greater than 2% can be used to identify the key
locations for pedestrian safety improvement in urban areas.
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